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The diffusion of information is important: It impgocommerce. It influences government. It
connects people in new ways. The distributed natticair digital social networks means that
traditional gatekeepers (newspapers, radio, tetavignd governments) lose some control over
the flow of information, while new gatekeepers egeequickly in networks of individuals who
share interests or grievances. Using exploratoty daalysis and confirmatory statistics to
analyze over 64 million Occupy movement tweets thssertation makes four essential
contributions that enhance our understanding ofalaionship between the flow of information
and the dynamics of social networks. First, based targe set of Twitter data related to the
Occupy Wall Street movement, it introduces a pataneed signature model of individual
information flows. Second, it demonstrates thahlibe path of the information flow and the

changes in the structure of the network, as meddwyr¢he growth of network gatekeepers



within the Occupy movement, are related to pararaetthe model. Third, the analysis
suggests that the Occupy gatekeepers recursivene@xheir reach by repeatedly promoting
information that users shared deep into Twittextsad network of followers. Fourth, the model
provides the initial steps towards a theory expiagyrthe process by which social network
dynamics and information flows interact. This mdslehpacity to identify information flows
deep in networks and to predict trends that paéntalter those networks will prove useful to

individuals, to organizations, and to governments.
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Preface

Important questions can demand the most carefahpig for confirmatory analysis.
Broad general inquiries are also important. Findimgquestion is often more important
than finding the answer. Exploratory data analissan attitude, a flexibility, and a
reliance on display, NOT a bundle of techniques, gtrould be so taught. (Tukey 1980)

(emphasis original)

This dissertation explores the relationship betwéerflow of information and social
network dynamics. The research took place in twarlapping phases. The first phase employed
an interpretive exploratory data analysis approadtie the second phase utilized confirmatory
statistical analysis. The first phase proceedexhiiterative fashion, with exploration and
discovery followed by more exploration and discgyeften leading to dead ends, but ultimately
honing in on the ways in which a large set of ungtired data could be used to address my
research interests. More specifically, Phase lltesuan information flow model and an
understanding of the ways in which the parametetiseomodel and the Twitter network can be
explored to understand the relationship betweeasrimmétion flows and network dynamics. Phase
two utilizes inferential statistics to examine thegationship. The findings from Phase 2
illuminate how the parameters of the informatiamwflmodel are related the network dynamics.
Thus the work of the first phase informed and maalssible the work of the second phase (see
figure 0.1). The phases overlapped because fittiagnferential models in Phase 2 resulted in

new discoveries about the data, which led to furéx@loration.
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Phase 1: Phase 2:
Twitter Data > Inferential
Exploration Analysis

v\ ‘z

-
~ -
----------

Figure 0.1: Overview of phases of work where tineifigs from Phase 1 used in Phase 2, but modelayguent in

Phase 2 led to further exploration.

The presentation of the research is also brokentimd phases. The literature,
methodology and findings of Phase 1 are coveré&thapter 2, with Chapter 3 covering the
literature, methodology and findings of the workndoan Phase 2. This approach simplifies the
presentation of the second phase, which requinesepts and language developed in Phase 1.

Finally, a first person narrative is in two senosmf the document: the motivation section
of the introduction and the data exploration sectioPhase 1's methodology. These are
intended to record the thought processes, assumsptiecisions, choices, and discoveries made

during the research.

1 Introduction

1.1 Genesis and motivation

Like many individuals, | learned about the OccupglV&treet (OWS) movement in the
autumn of 2011, after reading Facebook posts frdnelad. | use the word friend here in the

same way it is used on Facebook, that is, JosedrECkoe) was more of an acquaintance;
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someone I'd not interacted with since the classhich we’d met during the previous year. But
the content Joe was posting was interesting tdtframed OWS as offended by Wall Street’s
excesses and influence in government at a time Wnegrica was barely recovering from the
2008 housing collapse. Joe wasn't the origin oséhposts. He’d shared it into his own feed only
after seeing it in one of his friend’s feed, whaoloh across and shared it in a similar way. The
post came to my attention througltein of social sharing that traced a specifgath through a
social network. Two things happened as a resulbefs posts: (1) | realized we had common
interests and initiated a closer friendship; and (&came informed about a topic of interest to
me, one | resonated with. Once | became awareeatdhtent, | sought out the origin, the OWS
Facebook Page, and begariddow it. This meant that | subscribed directly to the SWéed so
that | would receive posts directly instead of thgb a sharing chain. It also meant that | created
a new link in the network that dramatically shoadnhe path between OWS and falyowers,

or the people who subscribed to my social mediéspos
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<o ccsinyhallon ﬂﬁwﬂ& (oo comrecdiEcom 150ct8Ber.net
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ton.com gatmongjeut com
occupyaghe cp;ogn de mwms
corporategreedghonicles com o e W I m e Ne‘smnm:b‘n:'::mm:numn org
o
gl N 5 . cupylubbock org
. Gccupyb@klynorg

occupyiic. or esier arg 0CeUpy th n le.0rg
9

o

e wﬂm s i)

s PP e ,gg heBgpesleview o

KirlongdstafiEerider com 5 ‘“’““W‘"C“m s Ia facebook.com

onecbigy

occupySlitinorg/ oéwpwl'lbw org
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Figure 1.1. Occupy websites discovered by Issuelgrawhe more incoming links from other sites ie tretwork,

the larger and redder is the circle.
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As | watched the growth of the OWS | decided thate was a great research
opportunity, one where | might be able to tie thgetmy interest in networks with information
flows. Together with Shawn Walker and Josef Eckeetbegan to collect data. First we
collected MeetUp data to track the growth of thevement. On MeetUp, people started or
joined Occupy groups in cities across America dedworld. This allowed us to get an idea of
the geographic growth of OWS. | also wanted to@®#S’ online presence, so | used
IssueCrawlerto discover Occupy-related sites. What | discottevas that the vast majority of
sites linked to Twitter (see figure 1.1). Basedlos number of sites linking to it, Twitter
appeared to be a hub for the movement.

As a team, we began collecting Twitter data, abddan exploring the data in an effort to
understand how Occupy Twitter could help me undeasimore about how the flow of
information is related to network dynamics.

As this example shows, social media, as a setadé tis changing how we become
informed, connect, and interact. In our globallyeected social networks, we can become
informed about, and get involved with, social moeans like Occupy even when NPR, Fox
News or CNN do not provide coverage. The exame shows that individuals, groups, or
organizations can gain new followers when theitpase socially shared by interested patrties.
Indeed, as of October 19, 2011, the Occupy Wadledtnser account on Twitter had 83,264
followers, gaining another 1,748 followers in thexhday and over 40,000 more over the next
month. By selecting to follow OWS, each of thoseD®0 people created a new link in the

Twitter social network. Thus, as information flotisough our social networks, it has the

! |ssueCrawler starts with the URLs of a few se&bssind crawls the links of those sites to discoefated sites.
When crawling, if a new site is discovered and shaw on three other sites, it is added to thefiseeds and also
crawled. https://www.issuecrawler.net/
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potential to alter the linking structure (topolagitinking patterns) of those networks, which in
turn alters the possible paths for future inform@tilows.

In this study, | provide a model that quantifibsuacteristics of information flows and
shows that these characteristics are related thélpath through which the information flowed
and (2) changes in the social network. Togethesethesults provide us with an understanding of
how the path through which information flows in sd@etworks relates to changes in those
social networks and how we can detect networkiaienformation flows. Understanding the
coevolution of information flows and network st is critical for understanding social
networks in general and, more specifically, theaghoof social movements like OWS in our

emerging digitally mediated social landscape.

1.2 Motivating Theory

1.2.1 Weak ties

Granovetter (1973) argues that the amount of opedathe number of shared
relationships in the social networks of two indivadis (A and B), is directly related to the
strength of their tie, or relationship. If A andaBe strongly connected, it is likely that they have
a large number of mutual friends/contacts. In @Gcnovetter argues that if a strong tie exists
between A and B, and a strong tie exists betweandC, this will lead to a tie between A and
C. Given Granovetter's theory, if no tie existsnmsn A and C then the tie between A and B,
(and likewise B and C) must be a weak tie. Grartevehows that job referrals came more
frequently from weak ties than from strong ties andgests that in tightly knit groups, or

clusters, people tend to know the same people anel the same information.

2 Unless otherwise noted, network structure refetspological link patterns in networks.
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The theory of weak ties has been used by numenaihers in a variety of contexts. For
example, Burt (2004) finds that good ideas in aganization come from weak ties that span
what he callstructural holesin networks. These holes are spaces betweenytighitl groups or
in a cluster. Weak tidsridge the holes and connect different clusters. In ogxamples, Ellison
et al. (2010) show that users on Facebook maitdeger sets ofveak-tie connections in their
social networks then those not on Facebook, andiBaf2012) shows that strong ties are more
influential on Facebook, but that it is the aburwtaof weak ties that are responsible for the
propagation of novel information.

When novel information flows across weak ties Bndges network holes, it has a
greater potential of reaching new audiences, whao #hare it with their own friends and
followers. This is supported by Petrovic et al. 2P They show that tweets identified as novel
are more likely to be retweeted. In related wordng et al. (2012) show that novelty is related to
new ties in Twitter discussion network¥hus novel information flowing over weak tie bregy
may also be related to the creation of new tieBuitter's social network of followefs

Granovetter’s theory and the empirical work memdid above provide the theoretical
motivation for this work, which posits that modeln be developed that show the relationship
between information flows and networks. This iséaese information that crosses weak-tie
bridges may precipitate increased flows in newtelss which should be detectable as higher

levels of sharing over time.

% In Twitter discussion networks, ties are consgitlibetween users (nodes) who mention each other.

* This study employs the phrase Twitter's socialvoek to indicate the follower relationships betwdanitter
users. Some researchers suggest that Twitter & sm¢ial network, but a kind of news media whesersitend to
share information from traditional media sources/@K et al. 2010). For this study, it shall be cdeséd a social
network for conceptual and analytical convenience.
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1.2.2 Network Gatekeeping

This study conceptualizes the accounts associatbdive Occupy movement astwork
gatekeepers (Barzilai-Nahon 2009; Barzilai-Nahon 2008). Gatgbers are "people, collectives,
companies, or governments that, as a result af lineation in a network, can promote or
suppress the movement of information from one pfat network to another" (Nahon and
Hemsley 2013, 7). One of the key ideas in the coiuedization of gatekeepers is that through
their position, they may connect networks that wlaatherwise not be connected. At the
beginning of this study, more than 85,000 Twitteens followed the OccupyWallSt account,
giving it the ability to selectively promote infoation to its followers in disparate parts of the
Twitter network.

The individuals who follow the Occupy gatekeepsnesthegated, individuals who
choose to follow the gatekeeper in a media envienmtrwhere they have many other options for
information. The gated may simply receive informaatfrom the gatekeeper or there may be a
two-way communicative relationship between themsThbecause the gated are assumed to
have the potential to produce information thatghtekeeper may choose to promote. Because of
the plethora of media choices, the gated may chimok#iow alternate sources of information.
Thus the position of network gatekeepers is dynamdtrises and falls based on the preferences
of the gated (Nahon 2011). Over the course ofdtudy, the Occupy accounts generally gained
large numbers of followers, indicating a sustaiaad growing gated audience.

Network Gatekeeping Theory (NGT) is often emplogedens through which to study
issues of social power related to the flow of infiation in networks. In this study the concept is
used to understand the observed pattern of a sadtand growing audience of users following

the Occupy accounts. Borrowing from social netwamklysis (Wasserman and Faust 1994), a
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gatekeeper could be conceptualized as a hub, k sinde with many nodes connected to it. The
formation of the gatekeeper hub, the nodes thaermakhe gated, and the links from each gated
node to the hub isgiar (Wasserman and Faust 1994). These stars struetwessumed to be

embedded in larger networks where the gated mayagrnot share links with each other.

1.3 Focus of the study

In their introduction tdJnder standing Robust and Exploratory Data Analysis, Hoaglin et
al. (1983) note that “practical data analysis ide# two broad phases: exploratory and
confirmatory” (Hoaglin, Mosteller, and Tukey 19&3]1). Exploratory analysis emphasizes
flexibility in searching for patterns and evidencehe data, while confirmatory analysis focuses
on evaluating the evidence given the patterns fonrle exploratory phase. This study employs
this breakdown and proceeds in two phases. Thepfiase addresses the overarching question,
How can we measure and study the process by which information flows are related to social
network dynamics? The second phase examines a second overarchistiaqui what ways do
information flows and social networks interact? These questions are informed by prior studies in
the area of network science and information flows

The work of the first phase emploggploratory data analysis (EDA), a data analysis

approach encouraged by John Tukey (1980; Tukey)1&IJA is not a formalized method of
analysis; rather it is a way of thinking, a curtgsand a willingness to look at data in different
ways that provide the practitioner with both a lok@ad deep understanding of what is in the
data, what kinds of questions can be answeredthétltlata, and the quality of those answers. It

IS an intuitive approach driven by curiosity.

® Study areas also known as diffusion of informatiod citation analysis.
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The second phase employs the findings from tlsé pinase. The first phase findings are
(1) a general model of temporal information flowsfined by a set of parameteemd referred
to as annformation flow signature, or signature model; and (2) a method for measuring changes
in the topological linking structure of the Twitteocial network, specifically, by tracking
changes in counting a user’s followers

The second phase is also exploratory in that tiad ig to create parsimonious models
that confirm (or refute) the relationships betwé®n parameters of the signature model and
social network dynamics with which the informatittmw interacts. Specifically, the second
phase employs variance models to (1) understandtewath of sharing through which the
information flowed is related to the parametershef signature mod&land (2) understand how
the parameters of the signatures of informatiowdlare related to changes in the social
network. The findings from Phase 2 show that messhle parameters of the signature model
are related both to the path of sharing througlctvkfie information flows and to changes in the
social network during the flow.

The context within which this study takes placthis Occupy Wall Street movement. The
information flows under investigation are Tweetsdaheir subsequent associated retweets)
related to the Occupy movement from October 191201June 30, 2012. The data used in this
research was drawn from the Social Media Lab’s u®igf 64,298,061 tweets collected from

Twitter’'s streaming application programming intedgAPI).

® These parameters include measures like peak fréiwoand time to peak as well as others.

" Note that the structure under consideration iallt@the user whose number of followers is beiagked. See
section 2.3.2 for a detailed discussion.

8 The path of the flow is inferred using a methodedeped by Gomez-Rodriguez, Leskovec, and Kraug&QR
This method is introduced in section 3.2.1 anditbetan Appendix D.
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1.4 Delimitations and Limitations

1.4.1 Delimitations

This study limits the operationalization of ienfiormation flow to a single unit of content,
or message, that is shared intact within a social networkrt&@aly any flow of information takes
place within a complex information ecosystem, agldted comments, tweets, response videos,
mash-ups, memes or any of a myriad of ways tha&ausision could be carried on could all be
part of the same information flow. Information theteframed (for example, a news item
reported by Fox versus CNN), re-contextualizedcoletextualized, shared across platforms,
discussed over lunch, or lectured about could ladsoonsidered part of the same flow. These are
all beyond the scope of this project. For this gi@dtweet and the retweets of that tweet are all
considered a single unit and operationalize theephof annformation flow or information

flow event.

1.4.2 Limitations

The data for this study includes tweets and retsvestated to the Occupy Movement.
This should be considered both an asset and ationtof this work. First, being constrained by
the Occupy movement limits the generalizabilitylos work because the interaction between
OWS information flows and social networks may biéedént than what might be found in
different contexts, such as a new movie, TV shalifipal scandal, or even other social
movements. Second, OWS information flows likelywtced across the myriad of
communication platforms available to people: phonadio, Facebook, Reddit and snail-mail,
just to name a few. Therefore, focusing only ontlavidata may not reflect linking patterns in

other mediums or linking patterns in Twitter the¢ due to communications in other platforms.
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On the other hand, the data set includes tweets ®@otober 19, 2011 to June 6, 2012, capturing
a period of substantial growth in the emergendd®iOccupy network on Twitter. Studying this
early stage of network emergence should yield rieltamples of change than on preexisting
networks.

Additional limitations are discussed in sectiémswhich they are relevant as well as in

the Conclusions section of this document.

1.5 Significance of the Study

The distributed nature of our digital social medgworks means that mainstream media
(Fox, CNN, NPR) and governments have less contret the flow of information. Gatekeepers
can quickly emerge in networks of resistance, aigcthe Occupy Wall Street (OWS) movement
(Hemsley and Eckert 2014). This study provides msights into how information flows
interact with the network dynamics that power thengh of these gatekeepers. It does so in
three ways: (1) by proving a general signature rittde parameterizes temporal aspects of
information flows; (2) by demonstrating that thegraeters of the model are related to both the
path of the information flow and to the growth ethumber of users following these
gatekeepers; and (3) by arguing that the Occupskgaper recursively extend their reach by
repeatedly promoting information that users shaeszp into Twitter's social network of
followers.

Organizations seeking new markets and activigtkisg new audiences can employ the
signature model as a tool to optimize future messdgr these goals. By comparing the content
and signatures of their previous messages, orgamsaand activists identify messages that
reached deep into networks. One of the advantdges, of the model is that it provides

feedback that can identify successful contentdieure replication. Understanding how the
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signatures of information flows are related to demin the network and the emergences of
gatekeepers enables researchers and governmeahesitiby early movements of interest. Use of
the signature model, in conjunction with methodshsas topic modeling, may yield insight into
how different discussion topics diffuse in and uefhce network structures within social media
platforms.

This work contributes to our understanding of infation flows in social media
networks, specifically, about the growth of resisnetworks and emergent gatekeepers. In
addition, the signature model’s ability to comptre reach and longevity of emerging
information flows may be applicable in areas ofigtauch as citation analysis used in
bibliometrics, where scholarly citation networksdze thought of as "exposing the underlying

socio-cognitive structure of science" (Cronin 20D17).

2 Phase 1: Exploration and Model Building

This chapter covers the literature, methodologyfamtings of Phase 1, an exploratory
analysis of Twitter data with the aim of answerihg overarching questiorlow can we
measure and study the process by which information flows are related to social network

dynamics?

2.1 Related literature

Numerous authors have examined temporal patterimdasmation flows. Boynton (2009)
examined the patterns of attention to the campaidgos of the presidential candidates of the
U.S. 2008 Presidential election by studying the bemnof daily views of the videos.

Relying on models of virality from epidemiology, aie the infection rate of biological

viruses follows a sigmoid curve, he argues thattreept of virality does not fit these videos.
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An example of a sigmoid curve can be seen in figuta. The initial point of an epidemic
(temporal or spatial) starts with only one or a fawnber of nodes infected. The curve starts out
flat. Because individuals often interact with, gatentially infect, many others, the rate of the
spread of the contagion grows exponentially uhel network becomes saturated. Once
saturation begins, there are fewer and fewer ucdiefeindividuals available, so the rate of
growth of infection slows, and eventually reachesoz

Figure 2.1b shows what the corresponding ratesof infections, or video views, would
look like. The videos in Boyton’s sample had dailgw rates closer to that seen in figure 2.1c,

and he declared the videos non-viral.

A: sigmoid curve B: rate of infection C: campaign video views
100% - c 17 1
o
< 80%- T 0.8 2 0.8+
[J]
[J]
5 60%- S 06- 206
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£ 20%- g 0.4- 504
x = g
< 20% - & 0.2 &£ 0.2-
0% - . 0 . 0 =
0 time time time

Figure 2.1. Sigmoid curve, rate of infection, aathpaign video views. A, the sigmoid or “S” curvhows percent
(%) exposure or infection. B shows the rate oféétibn corresponding to sigmoid % of infection.Hows the
example rate of campaign video views, which isidigar to figure B; therefore, Boynton suggestssehare not

viral. Plots are based on Boynton'’s figures.

Boynton’s work conceptually links the sharing ohtent in social networks to
temporally plotting the rate of attention to thahtent. He does not touch on the idea that the
networks may change as a result of the flows. Hg looks at the rate of views, without
exploring any other temporal patterns of the cagnpaideos, such as how the rate at the peak

might be related to the changing rate of views dwvee.
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Figure 2.2. Example power-law distribution with iears alpha (shape parameter) values.

Crane and Sornette (2008), however, do studynpattd views in more detail. They
examine the rate of views of five million YouTubiel®os, collected over eight months prior to
August, 2008, and find that while roughly 90% o thdeos receive an insignificant amount of
views or can be described statistically as a Poiglssiribution, the reminder display a burst of
viewing activity followed bypower-law relaxation response. That is, a peak is followed by a
rapid decay in the number of views (sigere 2.9. Key in their research is that they fit a power-
law (y = 1/x%) to the shape of the relaxation response. Iniagdgt Bak (1999) notes that
phenomena that exhibit power-law distributionsiadicative of complex systems, which are
systems with variables that follow a given setuwés and outcomes with large variance. He
claims that “explaining the observed statisticaltfees of complex systems can be phrased
mathematically as the problem of explaining theastyihg power laws, and more specifically
the values of the exponents” (Bak 1999, 27).

By clustering the estimated alpha values, CraneSamdette find that lower values of
alpha, or more gradual, relaxed decays are asedamthendogenous events, videos that

originate within the YouTube user community andspeead by users sharing links to the
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videos, while higher values of alpha are associaféulexogenous events, videos that originate
outside of the community. In the context of thisdst, the importance of their work is not
whether events are endogenous or exogenous. Retbenvork provides a foundation for
considering ways to measure different parametenrsfafmation flows. Their exogenous videos
tend to peak very quickly, with little or no perioflbuild-up, while their endogenous videos
often display a more pronounced build-up to thekpEBar Crane and Sornette, these endogenous
videos represent the concept of virality, whereeoglare shared by an increasing number of
users with other users. They don’t go beyond thisxplore how the variation in these shapes
might be related to aspects of the networks theg gfarough, nor do they discuss how those
networks might be altered by the social sharing.

Broxton et al. (2010) go further to relate diffieréevels of social sharing to rates of
views of YouTube videos. They look at data from rhilion videos, posted between April 2009
and March 2010, excluding videos that receivedtieas 100 views in their first 30 days. They
study the relationship between the rate of videovgiand the fraction of those views that
resulted fronmsocial sharing, cases where viewers of videos came to the videorasult of
someone sharing a link with them. As can be seégune 2.3, videos with a higher percentile

of social sharing tend to ramp up to, and decaypbftheir peaks more gradually.

24



Views / Peak Views

1.0

0.8

0.6

0.4

0.2

0.0

Normalized Views vs. Day

3 4 65 6 7 & 9

f ?". Percentile
fily Shared
fi Views
R —e—  0- 10%
IR -&-  50- 60%
., T N - o
oS = 90-100%
/ i L |
i ] 1
i 1 \
i 1 \
& % \
LN
4o A N
_- '-:-.'=' l—-: . - . .
. . O e—®—0_ o
- W aTiEe |__‘___...._: Ao hoa 4 Tt
Rpm.g.. . g Bg.. g L —
| I I I I I | | | I I [ | I I | | I I I |
31 -2 1 0 1

10 11 12 13 14 16 16 17 18 19 20
Days Since Peak Views

Figure 2.3. Mrmalized YouTube video views. Reprinted from Booxtinterian, VaverandWattenhofer, 201.

Broxton et aldo not specifically identify differerparametersf this normalized grap

(that is,the lead up time to the ak, the period of decay, the height of theky@a the shape ¢

leadup or decay period). And while they link the rates of social sharirig therate of daily

views, their dataloes not support exploring the social network @rsisvho shared contt, how

that network might be related to the rate of vi, or how changes in that network were relate

rates of social sharing.

Nahon and Hemslef2013, drawing on previous workNahon and Hemsley 201

Nahon et al. 2011), useettiermsignature to capture the generally observed pattern o

number of people in a systamio engage with viral events (view a vii or forward contet).

Unlike Boynton, they do not require that viralitg defined by a strict sigmoid curve. They ar
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that “top-down promotional and bottom-up socialqgasses work together to create different
signatures” (2013, 25) (see figure 2.4). Their argat relies on Crane and Sornette’s (2008)
findings that fitted power-laws with higher-estimatalpha values (the shape parameter of the

power-law) are related to exogenous events.
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Figure 2.4: Signature shapes driven by promotionabcial forces. Reprinted from (Karine Nahon &tainsley

2013).

However, Nahon and Hemsley do not provide otherieoap evidence and, in fact,
suggest that the same ranges of alpha that Créari&ette found to be related to endogenous
events (where 0.2 &< 0.6) could be used to identify information flotist werecandidates for
inclusion in research projects studying viralithigis unsatisfying and problematic in a number
of ways. For example, it is reasonable to expettdifferent platforms that support social
sharing will show different rates of decay. Alsathathe growth of mobile technology and sites
like Twitter, researchers today might find alph&uea that reflect a faster rate of sharing and
network saturation. Beyond this, Nahon and Helmd@yot offer any insight or empirical work

that relates the shape of their signatures to awimgnetwork structures. However, they do
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suggest that studying signatures “is an area toréuvork because the pace and shape of the
decay phase may hold important clues about thépiogess” (Nahon and Hemsley 2013, 101).

Clearly this body of work suggests that genenagjand formalizing a model of temporal
information flows will be useful in studying thelagonship between the flow of information and
network dynamicsSgnature model andsignature are the terms used in the remainder of this
document for a general model of temporal infornratiows.

Recall that the overarching question for this phasabout developing an understanding
of how to measure and study the interaction ofrmittion flows and social network dynamics.
The signature model represents only the informétom, not the networks that the information
flows through or alters. What we need is ways tasaee both. We need an empirical dataset
that supports the creation of a signature modaladlsas ways to measure both the path through
which information flowsand resulting changes to the social network. As natdte discussion
of the motivation for this study, 40,000 people shto become new followers of the Occupy
Wall Street user account in the month leading uNdeember 20, 2011. Notably, each created a
new link in the Twitter social network. Thus thec&b Media Lab’s corpus of Occupy-related
tweets, described in the next section, is welleslfbr such an exploration. However, at the onset
of this work it was unclear how, or even if, thesta could be used to study the relationship
between the flow of information and social netwdgkamics. Therefore, the guiding research

qguestion for Phase 1 of this dissertation is dewid:

Q1: How can Twitter data be used to explore the relationship

between the flow of information and social network dynamics?
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2.2 Methodology

2.2.1 Approach

Exploratory data analysis (EDA), encouraged by Jolkey (1962; 1980; Tukey 1977),
is an approach to gain insight about data, a kfrgliantitative detective work that emphasizes
flexibility of viewpoint and a willingness to findbhat we expect as well as what we don’t. The
tools of EDA include descriptive statistics, tablasd data visualizations. In this work, other
means, such as writing software and socially imeghpg data visualization with peers, are also
included because they prove useful in developidgeper insight into the data. Tukey and others
(Hoaglin, Mosteller, and Tukey 1983) focused orpbreal representations of data and summary
statistics; thus a contribution of this work is thelusion of software development and social
sensemaking as means of exploring data.

As employed in this work, EDA is a hermeneuticragigh (Benton and Craib 2001) in
that the analysis of the data is accomplished titrabe interpretation of iteratively examining
different levels and different representationshef data. In other words, understanding a part of
the data requires an “understanding of the wholgtoth it is a part” (Benton and Craib 2001,
104). It follows that interpreting the visualizatiof the signature of one specific information
flow requires interpreting visualizations of aggagns of many signatures, often across
multiple dimensions. These dimensions could beidigions of the number of shares, the
participating users, the changing rate of the flomany other parameters of the signatures. Often
the interpretation requires moving among visualaret of many individual signatures and
visualizations of distributions in order to undarsd how one signature is situated in the context
of many information flows. The process is not linéldhe exploration from one step may be
repeated, may lead to other explorations, or beaal @nd. Dead ends later may prove useful or
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informative in unexpected ways, and iterations given step may involve fine tuning after
social sensemaking indicates value in doing sanleffort to provide context around, and
insight into the exploration processes, the undgglpssumptions, and the interpretation of
discoveries, an account of the analysis is predantérst person (see section 2.2.2.2).

This approach to exploration fits in well with Teyks (1980) forceful call for both a
broad general inquiry (exploration) and confirmgtstatistical analysis. He emphasizes
exploring the data to gain a general understandinig context (which he sees as informing
guestion development and hypothesis testing) aenl élxploring the data in more detail as a
means of assuring it met the assumptions nece&sdiyture confirmatory tests.

The strengths of EDA are that it can uncover pastand structures in the data; assist in
identifying variables, verifying the assumptionguied for later statistical analysis; and suggest
transformations to make the data better fit themggions (Mueller and Tukey 1980). EDA is
also useful, and possibly necessary, in cases vdeaie and detailed documentation about the
data is unavailable, as was true of the Twitteadaed in this project. The role of EDA in this
research includes (1) assisting in data cleanRigdentifying key variables; (3) determining the
structure of the relationships between variabksyérifying model assumptions; (5) performing
model diagnostics; (6) finding temporal patterngmifiormation flows that lead to a generalized
signature; and (7) identifying a means to meashamges in network structure.

The results of the analyses from 6 and 7 addhesfirst research questiodow can we
learn about the interaction of information flows and changes in network structures from Twitter
data?

There are cautions to heed when employing EDAk&d[2008) notes that data-

dredging, or specifically looking for patterns im effort to devise a testable hypothesis, risks
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biasing an analysis. He also notes that humanguae apt at seeing patterns in data that are not
actually present. To ensure a systematic apprdechiiggests that researchers need a guiding
research question, clear reporting, and commoresartie application of EDA. For this work, a
clear guiding research question existed from tag:9b understand the interaction between

information flows and social networks.
2.2.2 Procedures

2.2.2.1 Data

This study employs Twitter data related to the gcwall Street movement. The Social
Media Lab gathered the data from Twitter's Streaypplication Programming Interfate
(API1). The Streaming API allows researchers, appibic developers and members of the public
to collect a stream of publatatus updates. A status update is a collection of data that @imist
the tweet text as well as a rich set of metadataptovides context for the tweet. Twitter
streams tweets back if any hashtags, @-mentionksWRtext within the tweet match any of
the search terms sent in the HTTP request to tHeM@mbers of the lab loosely curated the
search term list as OccupyTogether.org updated speeadsheet with new sites and accounts.
The search term list, details about collection tnedSocial Media Lab’s collection system can be
found in appendix B. An example of a status updates raw JSON (JavaScript Object
Notation) format can be found in appendix C. Fanamience, this document shall generally
refer to a status update as a tweet or a retweet.

The Social Media Lab’s corpus of Occupy data ideki64,298,061 tweets, sent from

12,159,856 users, collected from October 19, 261Iuhe 7, 2012. This study uses a subset of

® https://dev.twitter.com/docs/api/streaming
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these tweets. Specifically, onlgtweets are selected from the data under the assumptatrath
retweet represents a flow of information from tlseruwho sent the initial tweet to the user who
retweeted. For this work, retweets are groupedihayas etweet events (RTEsS). An RTE is
constituted from the initial tweet and all of tle@weets of that tweet. Thus the concept of an
information flow is operationalized as an RTE.

When Twitter users retweet a tweet using the Rettletton, the entire initial tweet is
embedded in the retweet’'s metadata. The metadat#icsl for the construction of variables in
this study, so only tweets created through Twistegtweet functionality are included in this
study® There are 12,349,759 retweets in the databasethdtheeded metadata. Figure 2.5
shows the daily rate of tweets and retweets tleatticial Media Lab collected and table 2.1

provides summary statistics for the daily rates.

Daily Rate of Tweets
and reweets

i T

Nov Jan Mar May
October 2011 - June 2012

600

400
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Figure 2.5. Daily rate of tweets (black) and retisgeed) in the Social Media Lab’s corpus of Occtipgets.

2 \While manual retweets, modified tweets (MT) anasvian all be conceptualized as the same informét,
they are excluded from this study because the rataaif these tweets do not contain the initial ta/@ata within
them. See section 5.1.2 for a detailed discusdiontahe effects of this limitation.
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Table 2.1. Summary statistics of daily tweet andieet rates.

Min. | 1° Qtr. Median Mean "} Qtr. | Max Total
Tweets 8 257,600| 280,100 279,600 306,800 755,100,298461
Retweets 1 39,940 45,020 53,690 59,300 346,200 497Z139

Note that certain dates show sharp drops in thettvae. For example, on February 15,
we collected 632 tweets, and then collected notsve® February 16 or 17 before resuming
collection on the morning of the February 18. Thame similar dropouts on October 29 and 30,
2011; on November 14 and 28, 2011; on March 292284d on May 5, 2012. System outages,
periods when no data were collected or the data e@mrupt and never loaded in the Social
Media Lab data repository, account for the missiata. The impact of these dropouts, as well as
the method for dealing with them, is discussedhedata section of Phase 2.

There are 4,002,284 distinct RTEs. The size of RaEsneasured by the initial tweet
and all of the retweets of that tweet, follows awhetailed distribution, such that 2,777,447
RTEs are of size 2, or have only a single retwBatre are 531,144 of size 3, 219,512 of size 4
and so on. The largest RTE in the set has 23,36@e¢s. The distribution of the sizes of RTEs

is illustrated in figure 2.8.

M Note that the y-axis is the base 10 log of thquemcy of RTEs at the size indicated by the x-aalis
transformed with a base 10 log.
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Log-log plot of RTE sizes
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Figure 2.6. Size of RTEs in the Social Media Ladospus of tweets. This displays a heavily tailestrihution.

This study excludes RTEs with fewer than 100 retsue&'hile the cut-off of 100 appears
arbitrary, events with fewer retweets are too stiweéixhibit a patter's or are better
approximated using a Poisson distributtdfror these smaller events, fitting a power-lanh® t
decay phase of each signature is not useful. Thisft leaves 5,758 RTEs, made up of a sum

total of 1,393,607 retweets.

2 For example, early EDA for this study showed #ifadut 70% of RTEs consist of a tweet and a sirafleaet and
about 97% of RTEs have 10 or fewer retweets.

13When the RTE fits a Poisson distribution the péfadne is clearly present, is not significantlyfdient from the
mean rate of retweets.
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Social Media Lab’s
Corpus of Occupy Related Tweets
64,298,061 tweets

12,349,759 retweets make up
4,002,284 Retweet BEvents (RTES)

\ /
\ 5,758 RTEs with mare than 100retweets /

comprising 1,393,607retweets

Figure 2.7. Graphical overview of the selectiomlata used in Phase 1 of this study.

Figure 2.7 graphically represents the narrowingrdto the data set as covered in this

section. This final dataset is used in the exptoyaanalysis of data discussed in the next section.

2.2.2.2 Exploration of Twitter Data (Plots that move the plot forward)

Science ... DOES NOT BEGIN WITH A TIDY QUESTION. Ndpes it end with a tidy

answer. (Tukey 1980, 24) (emphasis original)

In my early attempts to understand how the flouné&drmation and networks were
related, | exploredetwork plots, a kind of data visualization that typically shomdividuals as
circles and the relationships between them as.lirgtarted this work by examining a few
examples of raw status updates. The data wereOiNJ8rmat, so | could open and view a tweet
or retweet in a simple text file program. TwitteR®1 documentation page provided some
information on most of the fields, but in genefra tdocumentation was vague and often
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incomplete. However, it was clear that | could ¢nu retweet networks™ from the metadate’,
The nodes in a retweet network are the users whettand those who retweet them. Each link
in the network is a connection constituted by oser uetweeting another. Since Twitter users
often include hashtags in their tweets, it is éadyound these networks for comparison. For
example, | might compare the retweet network faets containing #OccupyOakland with a
network of tweet containing #OccupyHouston.

Figure 2.8 illustrates such a network (additionadraples are in Appendix E). The purple
dots represent users who tweeted and were retweejast users who tweeted. Each green line
represents a retweet relationship. Summary infaomatbout data used for the network, the
network, or the layout algorithm is printed on theualization. The visualization layout creates
distance between nodes (users) based on the naflipees exist between them. A byproduct of
using this layout with this data is that retweetRITEs are generally grouped together; notice the
group of nodes on the middle left.

At first it seemed like studying retweet networkade sense as a way to understand how
information flows and networks interact. Certaiats of retweets could be conceptualized as an
information flow. Groupings of retweets can eabigen seen in figure 2.8. In fact, this is where
the idea came from to use RTEs as a unit of arglgsi comparing different hashtag and time-

bound networks some patterns did emerge. For exanip@ vast majority of RTEs are trivial,

14 A retweet network is similar to a citation netwarsed in bibliometrics (Borgman and Furner 200Zhat a
retweet can be thought of as a kind of influencak@®y et al. 2011). However, there are many diffees as well.
For example, a retweet is an exact restatementrifssage, whereas a citation is a pointer to anotbuek. In
addition, a citation network can develop over yehus a retweet network can form in minutes or Bour

!5 The metadata fields atmer.screen_name, which is counterintuitively the name of the usstiveeting, and
retweeted status.user.screen_name, which is the name of the user being retweetetthelfsecond field is not present
in the metadata, then the status update is a twees retweet, and as sucisgr.screen_name is the name of the
user who posted the tweet. Because the focusiistaseets as links, this type of network is refert@ds ararc
sampling design (Butts 2008), where arc is a term for a directegee@ links to B, but B may or may not link to A).
In the Arc sample design the network is instantidtem the observed directed links, thus the fasum the
connections or flows rather than the nodes or actor
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containing a single retweet. Additionally, a snsat of users initiate the majority of the larger

RTEs; meanwhile, different city hashtags at différt@mes display greater or lesser degrees of

interconnectedness among users retweeting each othe

#0OccupyHouston ret weet network

data: c:/r/rt_nets/dat/houstorRTs.txt

Farthest nodes: OccypyChicagoRT, 99yardTD, stuckinjuly

nodes: #745298C8, links: #4B967DC8

2011-10-11 09:15:18 — 2011-10-25 15:58:42 N\
416 nodes, 528 edges, 393 clusters, 3 largest:24,1,1 \
10 diameter, 0.00305838739573679 density

layout: kamada.lkawai

Straight mutual edges: FALSE
Plot largest component:FALSE
layout time: 3.79 seconds

Plot size: 630x700
Plot time: 0.1 seconds

—
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EdwinDMunoz: 2(
CraigBlaylock: 8
CharlesBivona: 6
iam_nomik: €
OccupyHouston: €
KarenOHII22: ¢

FrackJack: 2
HoustonsNewNews: 2
Paperdolls: 2

Figure 2.8. Example of a network data visualizatba retweet network using the Social Media Latada

Ultimately, these visualizations failed to provigke with an understanding of how the

flow of information interacted with networks However, the process of using these

visualizations to explore the data yielded surpgsnsights into the data itself and, importantly,

into how writing software to create the visualioag and how discussing them with others also

'8 For additional information sedgorithmically supported sense-making of network visualizations: a call for
reflexivity and transparency, by Hemsley, in Algorithmically supported sense-making of network visualizations: a

call for reflexivity and transparency (Markham et al. 2013).
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resulted in a deeper understanding of the dataeTdre two avenues of understanding the data |
want to highlight.

First, whenever | printed one of these networkgpénd shared it with a colleague, they
would inevitably ask what it meardnd a discussion would ensue. In the process of my
explaining the plot, we would interpret the meanaged on what data was represented, and
then come up with ideas about how to make the lrmateon easier to understand. We would
also question what else might be in the data thaliddbe helpful in understanding how the
networks and flows interacted. This social sensemgadf data visualization prompted me to
explore aspects of the data that | may never Hawmeght to explore on my own. After each of
these sensemaking sessions, | would return todtaeahd try alternate data fields, or network
constraints for the next iteration of plots. Repédat going back to the data meant learning more
about Twitter’'s rich metadata and how it might—wore often, might not—be used to answer
my questions.

The second avenue to understanding involves grgoftware. Over the course of 2013,
| wrote software scripts to plot thousands of nekmosualizations. | used different data;
developed different algorithms to layout the netgornd tried assigning different data fields to
the visual attributes of the plot, such as the rcatal size of nodes or links. The process of
writing software to work with the data confers krledge about the data. Each new field
prompted me to revisit the data, to explore a Beldnge, to aggregate and visualize it in
different ways. Doing this over and over with mirtianges required that | write software to
automate the processes of extracting sets of tviregisthe database, importing the data into R,
processing the data to create a network and preegsadditional fields assigned to the visual

attributes of the network plot. But software ofteasbugs. These defects may be typos or logic
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errors, or they may reflect the prammer'sassumptions about the data being process

Suppose | make a network plot and size the nodé®Wwymany followers someone has or r

often they tweet or are retweeted in the data. &nlexccount for the fact that the distributior

these varibles can be skewed in unexpected waysfigure 2.9), some nodesill be so tiny

they will be unobservable, while one or two oth&iié overwhelm the plot. Finding and fixin

these assumptiobased bugs actually provides insight a, for example, thdistribution of the

data.
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Figure 2.9. Example powéaw distribution plots.
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Of course the process of organizing, exploring @mdparing many netwot

visualizations was challenging. Printing out aiainetwork visualization that | would almc

certainly throw away did not ake senseTo help me manage the procégairchased a softwa
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program’ that allows photographers to sort through and @mfarge amounts of photographs.
Figure 2.10 illustrates the use of this prograradmpare visualizations. A byproduct of working
with a large set of data visualizations is an ustderding of how to quickly make and explore

very large collections of visualizations.
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Figure 2.10. Using Zoner Photo Lab to explore nekvaata visualizations.

When | felt I'd exhausted the possibilities forwetk visualization | began exploring
ways to look at the data from the perspectiveraetiFortunately, | already had developed the

software and processes needed to explore a largédsualizations. For example, | plotted out

17 Zone Photo Labttps://www.zoner.com/
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the rate of retweets per minute, or the RTE sigeafor all 5,758 RTEs, and used Zoner Photo
Lab to look for patterns. Figure 2.11 contains san@ple of such a plot. The blue line is the rate
per minute with the peak volume in blue text attthperight. These features are bolder so that
they are visible and comparable even when visisainning sets of thumbnails of the signature
plots. Additional details, like who initiated th&'R and when it started, are in smaller text.
These smaller features are not visible on thumbnsd only the salient information is compared.
In this case, | was looking for relationships bedwéhe height of the peak and the shape of the

decay phase of signatures.
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Figure 2.11. Plot of the rate of the retweets specific tweet over time in minutes. The blue lamal large number

50 are easily seen when the plot is zoomed outnigpare with other signatures. as Social Media Latb.d

An iteration of the signature plot, seen in figdr&2, shows the rate of tweets per minute
for an RTE and includes additional information frétme RTE metadata. As before, the rate of
tweets per minute is given by the blue line, betrdd stars plotted over that represent additional

information for each retweet. The position of tker ®n the x-axis indicates when the retweet
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happened in time, while the position on the y-akisws the change in the number of followers
for the user who initiated the RTE. In other words, the height of the star indicatesnumber of
followers gained or lost from the first tweet t@ ttetweet. The star is sized by the number of
followers of the person who posted the retweet,taadlack line is the estimated power-law fit

to the decay phase of the RTE.

RTE Signature alpha 2.16 (p=0.002)
Delta Followers 8, n=91

15

tweet volume
10

100 120

time in minutes

Figure 2.12. Plot relating rate of retweets to deanin followers. Bold features (red stars and bhed allow
comparison across a large number of plots. Thelgleta still present as smaller text but onlyblisiwhen

zooming in. Social Media Lab data.

Both of the previous two illustrations provide atample of how | made plots for large-
scale exploratory work. Features that | want to gara across many plots are bold or use
heavier line weights, while details are small. plets are otherwise free of clutter that could
interfere with the analysis. The bold features gtamt when scanning many thumbnail sized

plots, allowing comparison of many plots at the same (figure 2.13). If | see interesting
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features in a particular plot, | can zoom in to $eedetail text. Since these are exploratory plots
the audience is assumed to be me, the researadgands or other information that might be
present for presentation plots clutter the plot mrake comparison more difficult. Given the
audience (me), some short cuts can be made. Foipdsain figure 2.12, the change in followers
is represented by the y-axis position, but it istnascale. The caption at the top of the plot
indicates that the initial user gained eight foléog; but the highest star is over 15. | was looking
for patterns in the change in followers for theiatiuser, and | didn’t care as much about how
great the change was. So the trend is bold (théiqrosf the stars) but the detail (the number in
the caption) is small. This exploration led to tleservation that the initial user’s followers

almost always go up during RTEs.
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Figure 2.13. Example of zooming out to compare nfRmE signatures at the same time.

Figure 2.12 illustrates another important and gg&ng observation. The pattern of stars
in this particular plot shows a rise in followehat is not apparently associated with an increase
in the rate of tweets per minute. This led me tdgok to the data to probe a bit deeper. The
result of this was the recognition that RTEs inédhfrom a single user can overlap in time, and
that this overlap is salient to what | was seeky.example, the later rise in the stars in figure
2.12 is related to a second RTE that was initibiethe same user about 25 minutes later.

Figure 2.14 and figure 2.12 together demonstrate interpreting the visualization of the

signature of one specific information flow sometsmequires interpreting visualizations of
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aggregations of many signatures. Figure 2.14 shib&sverlap RTEs for the user
OccupyWallSt, one of the most prolific tweetershe data set. The x-axis displays time in
minutes, starting from midnight, September 17, 201fe y-axis shows the number of the RTE
for the OccupyWallSt user, sorted from bottom o by when the RTE was initiated. Each line
starts on the x-axis at the time the RTE was ir@tlaand ends when the last retweet was sent.
Each line is a semi-transparent red, so when theegtacked on top of each other they are
darker. The darker red areas show times when RVé&s$apped. This observation made it clear

that | would need to control for this overlap effecconfirmatory models.
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Figure 2.14. Example of RTE overlap. Social Medid [data.

Another observation about this plot is that som&RTan have very long delays to the
last retweet. Figure 2.15 provides an example efsuch RTE in which the final retweet in the
dataset was posted 26,617 minutes, or 18 days théeénitiating tweet. This observation led to
the bounding of RTEs to a uniform window in timewnd the peak of the event for the

confirmatory analysis in Phase 2. Section 3.2.ides more detail on this.
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Figure 2.15. An RTE initiated by the account OcaMayiSt with a long delay retweet. Social Media lddia.

| want to leave you with a sense of scale and sobftas work. Iteratively plotting out
thousands of images means | have explored mangahnas of visualizations. As of this writing,
| have 130,040 .png plot files, taking up about@dabytes of disk space on my hard drive. In
many cases the exploration of a batch of plotsli®gua new set that supersedes the previous
batch. As such, | have deleted many thousandsest fihave begun to think of my
visualizations as my data (or part of it, or a es@ntation of it); deleting them seems almost
sacrilegious. But because the iterative procesies about finding the right lens to explore the
data, deleting plots makes sense in this contéxdikg the right lens might mean matching it to
the right time scale. For example, figure 2.15tisis’ informative as figure 2.11 for scanning for
patterns around the peak when looking at scre¢offplots. However, the former is better for
understanding the context of a specific RTE and hamight overlap with other RTEs. Finding
the right lens might also mean finding a set obcolhnd symbols and font sizes that supports

scanning many plots and drilling down for detalil.
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In this work | have explored a subset of the Sddedia Lab’s corpus of 64,298,061
tweets. In addition to observations about the daththe findings (discussed in the next section),
| have developed a set of tools and approachestalizing and interacting with data
visualizations that supports the exploration ofdag from which the visualizations derive.
Social sensemaking, the process of working itegitiwith others to create and interpret data
visualizations, proved to be an effective way teigate a large unstructured dataset and gain
insight about data. Attentiveness to the assumgtmrilt into the software also provided insight
into the data. These insights included the waysghith the data in different fields are
distributed, what potential relationships existha data, what kinds of answers the data

supports, and the quality of those answers.

2.3 Findings

The exploratory phase yielded two findings. Thstfof these is a stylized model of
information flows defined by parameters identifiacempirical data in the form of RTEs. The
second result is an operationalization of change®tworks that provides a way to quantify
structural changes in networks without specifi& imformation. These two findings provide the
means for statistically testing relationships b&wstructural changes and the parameters of

information flows.

2.3.1 Parameterized Signature Model

As discussed in the methodology section, an impbagenue of data exploration for this
project involved looking for patterns in the rate@weets for RTEs (see figure 2.11). Instead of

reproducing thousands of plots here, figure 2.X18vsha normalized sample of 1,000 RTE
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signatures® The figure shows all 1,000 normalized signatutegted as a semi-transparent red
line, one on top of another. The result shows teegal pattern of a fast ramp-up in the rate,
followed a wide variation in the rate of decay. Targe between the first and third quartiles for
the rate per minute is highlighted in orange, whit median represented as a dashed line and a

thick blue line showing the mean.

1000 standardized retweet flows
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Figure 2.16. A sample of 1000 information flowsrfréhe Occupy corpus of tweets. Social Media Lala.dat

The patterns seen in figure 2.16 are capturedarstylized model of an information flow
seen in figure 2.17. The model provides nomendtdfor parameters related to rate of flow for
an RTE signature. The model also specifies two rreamporal phases, ramp-up and decay,
which correspond respectively to the period of tineen the first tweet to the peak rate of

retweets, and from the peak rate to the last rétwWéese phases can be measured or used

'8 The sample was drawn from the set of 5,758 RTHs euier 100 retweets. Each RTE in the sample has be
normalized by finding the maximum rate of tweets pénute, scaling it to 1, and dropping out twesats retweets
occurring more than 20 minutes before or 120 mmafeer the peak.
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generically in discussion about an information 1. Table 2.2 identifies thparameterof the

model and provides nagnclature and the type of measurer.
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Figure 2.17Information flow signature model showing the phaskiss life cycle (ram-up, pea, and decay phase)

as well as quantifiable characteristics (peak tipgak rate, and its shape given by alf

Table 2.2Quantifiable parameters of an information f.

Parameter Description Type

Peak Time The period of time from the original tweet to thand in Time in minutes
time when a peak rate of retweets is reac Integer / rec

Peak Rate The maximum ratof retweets for a given time period Intege

(typically in minutes)

Decay Shape The shape parameter alpha given by fitting a pdawerto Real numbe

(or shape) the decaying rate of retweets over ti
Size Total number of retwee Intege
Decay phase Aneasurement of time from the peak to the last rett Time in minutes

Integer / rec

19 A number of limitations of the model are discusbetbw

48



This is not the first examination of temporal agpext information flows. Both Crane &
Sornette (2008) and Broxton et al. (2010) studmeddaily rate of views of YouTube videos, but
in both cases they normalized the peak rate ofwiewl. While this made the ramp-up and
decay phases easily comparable across many vitheoscaling makes exploring the
relationships among the peak rate, size, and slwdibee decay and ramp up phase impossible.
Since the values of the parameters of the signatocel remain intact, they are each
individually well-suited for inclusion in statisatmodels. This allows the exploration of the
relationships among the parameters of the modeddhtion, while Nahon and Hemsley (2013)
used the termignature, they do not formalize a model defined by paramsatientified through
the exploration of empirical data.

Note that the model is limited in a number of wagsy among these limitations is that
the model only represents the changing rate ofrgbbke information flows. It does not
represent information flows that cannot be detedted example, an individual may receive
information from a tweet and then pass that infdrometo another individual during a phone
conversation. The model does not represent otineertBions of the flow of information, such as
its path through a network, its flow from one gexric location to another, the type of
information, or the impact of the information. Hovee, the model could be used to discuss how
different categories of information, within the dinsions just listed, behave temporally
differently.

The model does not account for information flowthvwnultiple peaks or flows where no
clear peak exists. In this study, very few RTEs imale than a single peak. In those cases the
analysis focused on the highest peak, but it wbeldeasonable to treat these cases differently.

For example, one might break multiple-peak RTES s#parate cases for analysis, each with its
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own peak. Alternately, one might consider themfgedint category of event to be studied
separately. The vast majority of RTEs in the Soklallia Lab corpus of Occupy tweets are
small enough that a peak would not be discern&ldang the model to examine these flows

would not be appropriate.

2.3.2 Operationalization of Network Changes

Another important finding resulting from the EDAtIsat it is possible to quantify, and
thus measure, changes in the linking structurevaftér’s social network by tracking the change
in the number of followers a user has from twedteet or retweet to retweet. The number of
followers a user has is the number of other usés lmk to them. Each time someone tweets or
is retweeted, the tweet metadata records not delypwtimber of followers they have, but,
crucially, how many followers they have at the tiafi¢he tweet/retweet. With a set of a user’s
tweets, and the retweets of their tweets, it isiimds to track the change in the number of other
users who link to them over time. As an examplehi®, figure 2.18 shows the rise in the number
of followers of the OccupyWallSt during the couts@ime the dataset covers. Each data point
represents the number of followers (y-axis) theupgdVallSt account had when the
tweet/retweet was sent (x-axi8)Figure 2.12 illustrates an example of trackingahange in
followers of the initiating user over the courseadfingle RTE.

Of course, there are limitations to this methodis&r can gain or lose followers at any
time. When there are long temporal gaps betweenmants, all that can be observed isribe

change, not the exact number (or point in time) of usem® linked or unlinked over the time

% Note this figure represents the data in thisthet, is, the tweets and retweets contained witAiE&Rwith over
100 retweets. The graph would be much denser,ikglg be without gaps, if it had been created fralin
tweets/retweets in the Social Media Lab Occupy esqf tweets.
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12! This means that given two retweets, if five usetded links and three users removed

interva
links, all that is observed is a net change of &dded links. In addition, this approach provides
no information about which users are adding or ianwlinks, only the number. Different
actors in a network can have dramatically differannbers of connections, locations in the
network relative to the core, or any other factdifsus, the links that added or removed are not
necessarily equal. Tracking the change in follovedénssers who are retweeted provides
information about the ego network for that userc@irse, when a user on Twitter has over
85,000 followers, such as the OccupyWallST accduhat the beginning of this study, it is
assumed that changes in their ego network can intipastructure of the wider network by
increasing or reducing the distance between awthesfollow the account. Certainly it would be
ideal to know the exact link structure of the neatwefore the flow, at each step of sharing

during the flow, and after the flow has stoppedwdwer, the status updates returned from

Twitter’s streaming API do not contain lists of seus followers, only the number.

2L Note that | also found that | could create visarimations of retweet networks, which suggeststtiere are
many ways to visualize and measure changes in nieswidowever, these explorations did not provideeans for
using confirmatory statistics to explore the re@aships among the signature model parameters aal setworks.
Examples of these network data animations can tmedfat https://www.youtube.com/watch?v=QHi8Bn6U Tl
here: https://lwww.youtube.com/watch?v=XX9he5IkNSo
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Figure 2.18. The rise in the number of followerstaf OccupyWallSt account. Social Media Lab data.

The research question for this phase sy can Twitter data be used to explore the
relationship between the flow of information and social network dynamics? The findings from
this phase include the signature model and an atadeting of how it is possible to measure
changes in the Twitter social network using thei@lddedia Lab corpus of Occupy tweets.
Since the signature model includes a number ofnpatiers that can be quantitatively measured,
and since tracking the change in a user’s followsees approach to quantitatively measure
change in Twitter’s social network, confirmatorgtsitical methods, such as regression, can be
used to explore the relationships among the chgnugtwork and the measure of the signature

model. Such an analysis is the topic of the neaptdr and is the phase of this study.

3 Phase 2: Network Dynamics and Information Flows

This chapter covers the literature, methodologyfamtings of Phase 2, which focuses on
answering the overarching questiamyhat ways do information flows and social networks

interact?
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The chapter first examines prior research alonglines: (a) the relationship between the
structure (topology) of social networks amdformation flows through these networks; and (b)
thedynamic nature of this relationship—how the structure may changea aesult of these flows.
The analysis of this phase focuses on creatingrparsous models that confirm (or refute) the
relationships between the parameters of the sighatodel and social network dynamics with
which the information flow interacts. Specificalthe second phase employs variance models to
(1) understand how the path of sharing through lwvthe information flowed is related to the
parameters of the signature model; and (2) undeddtaw the parameters of the signatures of

information flows are related to changes in theadotetwork.

3.1 Related Literature

3.1.1 Network structure and information flows

This section summarizes research that examinegtmwstructure of networks is related
to information flows within those networks. Thiggen also addresses important gaps in the
literature and introduces a research question detemo address these gaps. The second half of
this section discusses the expectations for theem® be based on related literature.

Bampo et al. (2008) examined the propagation oketarg messages in static network
models. They found that a scale-free network stinectwhere the distribution of links follows a
power-law (Barabasi 2002), outperformed other mo@&becifically, the Erdos random link
model or Watts’ 2004 small world model) where therage number of links between nodes is
low. In another example, Kitsak et al. (2010) exaadi core and periphery structures, where core

refers to a central cluster of densely linked ndflasis central in connecting many other, often
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outlaying (periphery), clusters to the network.dsTkind of work has focused on network-wide
structures on static networks without looking atller scale, or local, structures.

Leskovec et al. (2007) looked at the flow of imf@tion in a blog citation network made
up of 2.2 million blog posts, generated by 45,0l@b, from July to September 2005. They
operationalized an information flow as an inititdddppost followed by the citations of other
bloggers linking back to the first post or to atermediary post. In other words, if a story
originated at blog A and then blog B cited the pws#, that would constitute an information
flow. Further, if C cited either A or B, then Cpal with the link to A or B, would be part of the
same information flow.

For each information flow, Leskovec et al. mapgesltopological linking structure,
finding a number of patterns in the way informatftmws in the blogosphere. The trivial case,
where a post received no citation, made up 97%eflows; the next most common, making up
1.8% of the flows, was a dyad, in which a blog pestived a single citation link. The
remainder consisted sfars®? or trees, where trees are made upsbéring chains, or chains.

Figure 3.1 illustrates these topologies. A staoisiprised of an initial post and other blog posts,
all of which cite the initial post. A tree will keestar with one more additional posts that cite an
intermediary post, or a post between themselvegtandrigin post. A chain exists as a specific
path within a tree. The red links in figure 3.1 ahains of sharing comprised of-A C — F and

A — E— H — I. Note that these topologies represent a sirigle &nd are a special case of

hierarchical network topologies because the ligksly, if at all, link across or backwards in the

2 This study adopts the usage of the term star freskovec et al. (2007). That is, a star is a stmectvhere a
single central node is connected to all other noaled each of those other nodes only connect toghtal node.
This is consistent with the definition put forth Wasserman and Faust (1994), see page 178. Thalcsode in a
star formation is called a hub. In the informatftmws of Leskovec et al.'s work, a star is a dieelchetwork where
the hub initiates a flow that others cite in tHaiwg post, but that goes no further. In other wprasone cites the
bloggers who cited the hub. However, Leskovec.at@k that most of their cascades fall somewheteden this
concept of a perfect star formation and a perfbatrc
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hierarchy. In addition, the observed flow doescaqiture cases where H received a message

from both D and E, only that H cited E.

Star Tree Tree with chains

JoA Tt

B (C (D (E (F (G

G

— <4— T <4— [T]

Figure 3.1. Information flow topologies in the bimgphere. Blog A initiates a flow that may resultifferent

topologies. This figure depicts star and tree togigls as well as sharing chains in a tree.

Leskovec et al. (2007) found that star topologieseamore common than trees and that
the length of chains followed a power-law: the migjoof chains were short (A> C — F) with
few longer sharing chains. The predominance oftsti@ins has been found in other research as
well; for instance, Leskovec et al. (2006) studieel user recommendation network of what they
termed a “large on-line retailer” and found thdbmmation cascades tended to be shallow, with
only a few events reaching deep into networks.0@%2Kwak et al. (2010) crawled the entire
Twitter follower network of 41.7 million users add47 billion links, matching the data up to
over 4,000 trending topics, finding that the heightrees, of the length of the longest chain in
trees, and the size of cascades all followed a ptave In an alternate approach, Bakshy et al.
(2011) studied influence on Twitter by tracking th#usion of 74 million URLS; again, the

finding was that the length of chains, as wellhesdize of cascades, followed a power-law.
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The work discussed above highlights that largeisgavents and events that reach far
from their source are rare. However, none of tlstgdies looked for relationships between the
lengths or frequencies of chains and temporal params of information flows, like those in the
signature model. In order to measure how stardikenformation flow is, this study uses
closeness centralization (Wasserman and Faust 1994), a network level measant of how
close actors in a network are to each other (sgeigix D for more detail). Note that the path
of an information flow is a network, or, more prsly, a sub-netwofRin a pre-existing
network comprised of who reads, who follows, anawhfriends with whom. The path of the
flow is but one sub-network in a great number cdgpole sub-networks, where that path is
instantiated by the information flow. The path loé¢ flow is assumed to be a snap-shot of part of
the larger network at the point in time the infotioa flow begarf* Calculating the closeness
centralization for the information path of each Rdnavides a way to statistically examine the

relationship between the path of the flow and themeters of the signature model.

% Technically this is aub-graph of the largegraph. For ease of reading, sub-network and networkiseel
throughout this document.

%4 Technically the network can change during an imémion flow, meaning that the potential paths dap ae
altered during the flow. However, such a changeldvaot result from the information flow; for thefarmation
flow to change the network, the information woukekd to arrive before the change in the networkaftetward as
is the case here. Alternately, we could assumethiegpath represents the state of the networkeagrtid of the flow.
This risks a greater misrepresentation, becausfativatself could cause un-linking partway throutjte flow and
break apart the path. Both conceptions presentertwgds, but the first is preferable for its simipjic
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Star Tree Tree with chains
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Figure 3.2. Example information flow topologies ¢ab) with related signatures (below), where thet visie from

receipt of a message to sharing it is held constant

The concept of information flow sub-networks in tbems of stars, trees and chains
gives some clues as to how the path through whiehnformation flows might be related to
parameters of the temporal flow models. Considgngle information flow with a sendef)
and many receiver8(C, D, etc.). For this exercise, let's assume that therecsrstant delay of
one minute between when a message is sent andanieeeiver resends it. When the sub-
network is in the form of a star, there will berseeminute wait period from when the initial
message is sent until all of the retweets are $eiffigure 3.2, | have re-plotted the basic sub-

network topologies and added the related signahassd on a one-minute wait time, below.
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Note that the decay is more gradual for the infdromaflows in the form of trees; this is
particularly true in the last example with the lenghains.

Certainly a consistent one-minute wait time isneailistic. Indeed, Barabasi (2005)
found that wait times for responses to e-mail,r@ljame messages, and instant messages could
be approximated by a heavy-tailed, or Pareto,idigion, with the majority of messages

responded to very quickly and only a few with venyg wait times (see figure 3.3).

Example Pareto Distribution

wait times

0 200 400 600 800 1000

Index

Figure 3.3. Example Pareto distribution for modgliuman wait times instead of assuming constartttinae.

So while the wait times are not a constant number; can be modeled with a Pareto
distribution. As such, it is reasonable to assumaé dver many RTES, the variance seen in the
shape of the decay phase (see figure 2.16 anceflyyai) is related to the length of chains in the
sub-networks created during the RTEs. Specificatigre gradual decay phases (lower alpha
values) are related to more and longer chains (lealeies of closeness centralization) in the
sub-networks of RTEs. Conversely, sharper decagbé€halpha values) ought to be related to

sub-networks with fewer and shorter chains, orsetovorks that resemble star formations

58



(higher values of closeness centralization). Thesspecific question this leads to, and that this
work addresses, is:
Q1: How is closeness centralization related to the shape of the decay phase of a

signature?

3.1.2 Network structural changes and information flows

Literature that relates to the characteristicsooitent to sharing and linking behavior
provides the background needed to understand lgoreship between the flow of information
and changes in the linking structure of networkssBection discussed content characteristics
such as novelty, interestingness, emotional appedlyichness of content.

Petrovic et al. (2011) asked human subjects gcgdiom a set of 200 tweets, the ones
most likely to be retweeted. With this informatidhney trained a machine-based learning
algorithm to duplicate human choices in selectind Betweeting tweets. Using their model on
21 million tweets gathered in October 2010, they fihat tweets rated as havimgyel content
are significantly more likely to be retweeted. Nibtyén a message means the content is new to
the user; they haven’t seen it before. Suh efall@) finds that tweets with hashtags, urls and
@mentions are significantly more likely to be redtex than those without surdich content. In
addition, Bakshy et al. (2011), asking Mechaniaalkers to rate content on Twitter along
different measures, find that tweets ranked asgssasgemotional appeal or interestingness
correlated with tweets that received more retwdetaddition, Hemsley and Mason (2013)
theorize about the formation ofterest networks, which are instantiated as a result of the flow of
information and can become durable through repeagtdntiations.

The above body of literature makes it clear thatdbntent of the message is certainly a

key driver in driving information flows. But noné this work examines how these flows might
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be related to changes in the networks through wiliehnformation flows. Hemsley and Mason
do discuss the relationship between informatiow$l@and changes in network structure, but they
offer no empirical evidence for their theoreticiree.

In addition to driving diffusion, novelty has albeen shown to be related to link creation
in networks. Teng et al. (2012) examines the refstiip between the novelty of content and
discussion networks on Twitter. By using cosineilsinty on the text of messages over different
time periods, they find that the creation of nevké was related to novel messages, that is,
messages that have sharply lower similarity betwieea periods. They also look at the
relationship between novelty and a changing neti@vrkl centralization measurement to
determine to what degree the network topologgaslike?®> They find that stable levels of
centralization are related to lower novelty scdresveen timeé andt -1, but that higher novelty
between t andl- 1 was correlated with higher centralizatiort ia 1. In other words, star
formations would tend to grow after (not beforeyelanformation was shared in the network
but would tend to stay stable in the absence oéhiovormation.

Note that Teng et al.’s work focuses on direct camication between users; it does not
relate novel information to changes in Twitter'sisbnetwork, that is, the network of follower
relationships. And while their work does look aanging topic-based communication between
users, Teng et al.’s models do not capture infaondtows and so cannot relate changes in their
networks to temporal parameters of an informatiowfHowever, this work certainly suggests
that novel information flows could precipitate nemks in Twitter’s follower network.

From the above work, it is clear that novel contemhore likely to be retweeted and is

related to new network links. But where does navi@rmation come from in networks? In other

% Teng et al. use a Gini coefficient to measurerkguality of links among nodes. More informatiamtbis is in
appendix D.
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words, what kind of links are the most likely card of that kind of information? In his landmark
work, Granovetter’s (1973) introduces the conceptirong andweak ties. He argues that the
strength of the tie, or relationship, between tndividuals is directly related to the amount of
overlap, or mutual relations, in their networksushf A and B all know the same people, they
are more likely to be strongly connected than dml B know each other but share no similar
connections. Granovetter refers to this second, e@sere A and B are linked but where none of
A’s associates are connected to B and none of &saates are connected to A, agak tie.
Granovetter shows that job referrals come moreugatly from weak ties than from strong ties
and suggested that in tightly knit groups, or dustpeople tend to know the same people and
tend have the same information.

The theory of weak ties has been used by numerdhss in a variety of contexts. For
example, Burt (2004) shows that good ideas in garmzation come from weak ties that span
what he calledtructural holesin networks. These holes are spaces betweenytighitl groups
(clusters). Weak tiedridge these holes and connect different clusters. Ieragkamples, Ellison
et al. (2010) shows that users on Facebook mailaeger sets ofveak-tie connections in their
social networks than those not on Facebook, andiBaf2012) demonstrates that on Facebook,
people are more likely to share novel informaticonf a strong tie than from a weak tie, but that
since users have far more weak ties than stroegrtevel information, is more likely to come
from a weak tie. Thus the preponderance of novetimation on Facebook comes from weak
ties. Given the breadth of work linking novel infaaition to weak ties, it is reasonable to assume
novel information is related to link creation in if®r's social network of follower relationships.

Putting this together suggests two things: newslimkTwitter’s follower network could

be related to the flow of novel information throughak ties and over bridges; and, from the
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previous section, when information flows througlaicls deep into networks (that is, bridges to
new clusters), we expect the decay phase of siggsata be more gradual as reflected by lower
alpha values. In short, it is reasonable to expewtgative correlation between the change in
followers during an RTE and the fitted alpha of signature of the RTE.

In addition, Teng et al.’s (2012) work suggestg thiaile star formations in networks
grow after novel information, they are otherwisad. And, again from the previous section,
when the path through which an RTE flows is moae-Bke, a reasonable expectation is for
sharper signatures and lower increases in followdrgs the specific research question for this
section is as follows:

Q2: How is the shape of the decay phase of a signature related to changes in the number

of followers of users who initiate RTES?

3.2 Approach and Methodology

3.2.1 Approach

The research addresses the questions for Phageg2vasance regression models, one
model for each question (see figure 3.4). Each mexdaores the relationships between and
among the parameters of the signature model froaséh. In model 1, this takes the form of
tracing the path through which the information f&pwn model 2, changes in the social network
are traced. Both models also control for conteatiad the information flow. This section
provides an overview of each of these models astifigs the methodological choice of utilizing
regression for this analysis.

The first question igow is closeness centralization related to the shape of the decay

phase of a signature? Model 1, illustrated in figure 3.4, answers thigegtion by examining the
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relationship between the path of the informati@wfland the shape of the decay phase of the
flow’s signature. Also explored or held constard tire parameters of the RTES in relationship to
the temporal context of the Occupy movement (indgaontrols for overlapping RTES), and
when, within in the Occupy movement, the RTE totacp. The specific variables and their

construction are detailed in section 3.2.2.2.

Model 1
Decay Phase f( Sgnature  Network  Temporal
Shap Parameters 5 Path 5 Context

Model 2
Changesin f( Sgnature RTEUser Temporal
Social Network ~— Parameters ; Context 5y Context

Figure 3.4. Overview of variables used in the msdigveloped for Phase 2.

It is important to note that the Twitter data usethis study does not contain the sharing
chain of users needed to reconstruct the pathedRIFE. A maximum likelihood model is used
to infer (rather than determine) the path of tHenmation flow, labeledNetwork Path in figure
3.4. Gomez-Rodriguez et al. (2010) developed tlathod for situations where tipath of the
diffusion of information is unobserved but the tsnehen nodes are “infected” are known. They
validate the method on both synthetic and realsgésafinding that more than 90% of the
network edges are discovered. A brief overviewhefdata used in this study will demonstrate
the necessity of this step.

As noted in the Phase 1 discussion of the dagalWitter data used in this study contains
a rich set of metadata. The data includes infomnatpecific to the tweet (the tweet text and

data, and the time) as well as some informatioutthe account of the user who sent the
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tweet/retweet, such as the user name and the nwhfmlowers they have when the
tweet/retweet is sent. However, there is a greal aflenformation that researchers might like to
have that is not available. Especially relevanehetthat status updates of retweets do not
contain the sharing chain of users. In other wditsretweet chain given by {# E-> H > 1}

is not captured in the metadata. Rather, the inspresrom the metadata will be that {E, H, I}

all directly retweeted {A} (see figure 3.5). Butatesearch by Leskovec et al. (2007) mentioned
in Chapter 2 make it clear that information doesvfthrough chains, and thus a model that
presents the path of information flows needs toasgnt flows through chains. | use the
maximum likelihood method developed by Gomez-Radriget al. (2010) for this purpose;

Appendix D discusses this method, and the waygpdlieis quantified, in more detail.

Actual RTE path Apparent RTE path

=0

I B _C_D_E_F_G_H_I

Figure 3.5: Example information flow paths. Givehygothetical actual path of a flow (left), the apgnt path

suggested by the metadata will always be a staidagy (right), thus the need to infer the path regtw

The second research question for Phasel2o,is the shape of the decay phase of a

signature related to changes in the number of followers of users who initiate RTES? Again, a
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multivariate regression model, illustrated in fig8.4, answers this question by examining the
relationship between the change in the structutbesocial network, as measured by number of
links created or eliminated over the course ofitifi@mation flow, and the shape of the decay
phase and other parameters of the signature méaehbles control for the user and temporal
context of the RTE as well. The specific varialdes their construction are detailed in section
3.2.2.2.

Multivariate variance regression models have sd\araracteristics that make them well
suited to addressing the research questions irehaskthis project. Note that regression has
long been used in studies of diffusion (Bass 20849, more recently used to study the
relationship of network centrality measures andnmfation flows (Susarla, Oh, and Tan 2012),
and life cycles of viral events (Nahon et al. 2001)is class of models is well suited to
explaining or predicting the relationship betweeategendent variable and an independent or
explanatory variable while controlling for othefesfts (Faraway 2004; Kahane 2001). The
control variables for both models in figure 3.4 e¥presented by “RTE User Context” and

“Temporal Context”.
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1000 standardized retweet flows
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Figure 3.6. Plot of a sample of 1000 RTEs, repdrite convenience. Social Media Lab data.

In addition, a variance model is a good choicesfgrloring the relationship between the
variability of the shape of the signature (seerg8.6) and both the path through which the
information flows (research question 1) and thengean the network structure (research
guestion 1). In the context of this work, anothmportant strength of a variance model is that
although it assumes that variable relationshipgiagar, non-linear relationships can still be
assessed through variable transformations (Kah@@#)2The use of transformation also means
that variables are not required to be continuous @llow a normal distribution (Faraway
2005). These are important considerations becassgill be seen in the section describing the
data, many of the variables do not follow a nordistribution.

Note that process analysis (Langley 1999; Pettidr@97; Pettigrew, Woodman, and
Cameron 2001; van de Ven 2007) could be used teratahd how, or thprocess by which,

information flows and social networks interact.tleew (1997) states that the aim of such an
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analysis is to produce a case study that (1) iflesfpatterns in the process and compares them
across cases; (2) finds the mechanisms that shape patterns; and (3) employs not only
inductive pattern recognition but the deductiveotigehat offers a starting point for the analysis.
However, such an analysis requires that the relseabe able to observe the process in detail as
it progresses from one step or stage to anothenofexd above, Twitter metadata does not
provide information about the path of the flow, dahds it is not possible to observe the actual

process.

3.2.2 Procedures

3.2.2.1 Data

Recall from the previous chapter that the analiggi$hase 1 included 5,758 RTEs, made
up of a sum total of 1,393,607 retweets. The figdisection for Phase 1 discussed how the
Twitter data set could be used in statistical asialio understand the relationships between
information flows, as represented by the signataioelel, and changes in social networks, as
measured by a change in followers. This sectioniges additional, specific details about how
the data are cleaned and prepared for analysis.

One of the most significant steps in cleaning th&drises out of the understanding
gained in EDA that RTEs can overlap in time (sgar 2.14). If a user initiates two or more
RTEs that overlap in time, and if they gain folloes&rom each one, then the measured gain in
followers for each RTE could be inflated, and tthis needs to be controlled for. The only users
that can be effectively controlled for are thosevithom the dataset contains all of the RTEs they
initiated. For the Occupy account users, the oppliaable set of users is those whose names
match the search terms used to collect the Twdtiéa. There are 796 RTEs made up of 142,878

retweets and initiated by 86 distinct Occupy useoants.
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Social Media Lab’s
Corpus of Occupy Related Tweets
64,298,061 tweets

12,349,759 retweets make up
4,002,284 Retweet BEvents (RTES)

\ /
\ 5,758 RTEs with mare than 100retweets /

comprising 1,393,607retweets
\ /

429 RTEsinitiated by an Occupy Account
comprising 76,419retweets

Figure 3.7. Graphical overview of the selectiomlafa used in Phase 2 of this study.

The exploration phase also showed that some RTickaze very long lifespans (see
figure 2.15) which could compound the problem oérbap. For this reason, a unifommndow is
constructed around the peak rate of all RTEs. Sfweak et al. (2010) found that 90% of
retweets happen within an hour of the initial twéle¢ window size has been set to twice that:
120 minutes. A shorter window could work, but Cletust al. (2009) note that roughly 100 or
more observations are needed to fit data to a ptawerTo estimate the shape parameter of the
decay phase of a signature, at least 100 minutdstpapeak are needed.

Thus retweets with timestamps more than 120 miraftes the peak are dropped from

the analysis. As a result, the size of some RTEslfalow 100, and these, too, are dropped. In
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addition, RTEs are dropped if they did not havéearcpeak® or if they had long periods of
guiescence (no retweets) between the initial twadtthe first retweet in the set. This last
criterion deals with the data missing because ®&bcial Media Lab’s system outages
(mentioned above in the data section of the finstge). The final data set used in the statistical
analysis discussed below contains 429 RTEs maa¢é aipotal of 76,419 tweets/retweets. An
illustration of the narrowing of the data can berfd in figure 3.7, and the distribution of sizes of

RTEs can be seen in figure 3.8.

Histogram of RTE sizes

Frequency
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|

50
l
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size (number of tetweets)

Figure 3.8. Frequency of sizes of retweet eventgrevsize is the number of retweets plus the Intitieet. Social

Media Lab data.

From a data centric point of view, an RTE is a ctemplata object. Once the retweets
that form the RTE are grouped together, the initiedet is constructed from the embedded

metadata, saving the step of executing large nusrifetatabase queries. Only a subset of the

% |n addition to fitting a power-law to the decayagk, a Poisson goodness-of-fit test is run forateof retweets
for the entire window. Signatures that fit a Poiss@re flagged, inspected, and excluded.
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metadata fields from Twitter status updates araireq for the initial steps of creating an RTE.
These fields are listed in table 3.1 and can bepewed to an example of a full status update in
appendix C. These metadata fields are used tor éitbetify the RTE in cases where deeper

probing is warranted or to calculate the variabbteugs used in the variance analysis.

Table 3.1. Status update metadata fields useckindhstruction of a RTE.

Field Name Description

id The ID of the tweet.

created_ts The time stamp. When the tweet was sent/posted
screen_name The user account name.

The number of followers the user has at the timerwh
the tweet is sent.

Only present when the tweet is a retweet. Contains the 1D
of the tweet being retweeted.

Only present when the tweet is a retweet. Time stamp.
The date the initial tweet was sent/posted

Only present when the tweet is a retweet. The screen
name of the user whose tweet is being retweeted.
Only present when the tweet is a retweet. The number of
retweeted_status.followers followers of the user who sent the initial twagthe time
the tweet is retweeted.

followers

retweeted_status.id

retweeted_status.created_ts

retweeted_status.screen_name

The variable groups listed in model 1 and moddigife 3.4), and corresponding to
Phase 2 research questions 1 and 2, respectivelgllaalculated or inferred from the metadata
fields in table 3.1. All of the parameters of thgnature model are derived from the timestamps
by finding the number, or rate, of retweets forleatnute over the course of the signature.
Table 3.2 illustrates the result: a vector of nusbehere each cell contains the rate of retweets
for the minute that corresponds to the index ofvibetor. This facilitates estimating alpha and

finding the peak rate and other parameters of masige (see figure 2.17).

Table 3.2. Example vector of aggregated time stampstime for a RTE signature.

|Rate |1 [ 20 | 50 [ 40| 15 7] 3] 9| 2] o] 2] .] 0
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l[Index |1 [2 |3 [4 |5 [ 6 |7 ] 8] 9] 10 11] .| t]

The timestamps are also used to create the temgmntdxt of the RTE. This is done by
finding the difference in days and in minutes frtira start date of the Zuccotti Park protests that
kicked off the Occupy movement at midnight GMT a@p&mber 17, 201%.The change in
network is calculated by finding the differencevibe¢n the number of followers the initial user
has at the end and the start of the RTE’s windamally, the RTE’s timestamps are also used in
the maximum likelihood model that infers the netkvpath. More details about this and the other

variables for the models are discussed in the sextion.

3.2.2.2 Variables

This section provides details about the variabiehe models. For both models, the
mathematical equations are provided, followed lysaussion of each variable that includes its
purpose in the model, how it has been construeted, where appropriate, how it has been
transformed to fit the model assumptions. As walldiscussed in the next section, both models
are multi-variant regression models; as such, thdahequations will be presented in traditional

form, but a graphical representation will be in@ddas well (figures 3.9 and 3.11).

Model 1

" Note that picking this date is somewhat arbitsinge technically the movement started before thee@tti Park
protests. But the Social Media Lab’s data collettiadn’t start until October 19, and the pointloé tvariables are to
provide general context. Thus a more specific datkétime is unnecessary for this analysis.
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Network Path

——p  x[IJdoseness

Sgnature I x[:Peak Rate 5| Y: Decay Phase
Parameters XIPeak Time Shape (alpha)
Temporal X[10ccupy Early
>
Context XJOccupy Late

Figure 3.9. Graphical version of model 1 with vhlgagroups and the specific variables.

Y =By + Bixy + Baxy + B3xs + Paxy + Psxs +

alpha (dependent variable). Alpha is the estimated shape parameter of the ptawmefitted to

the decay phase of the signature. As outlined <&t et al. (2009), the estimation

employs a maximum likelihood algorithm that attesmat optimize for the best p-value

for a Kolmogorov-Smirnov test (Marsaglia, Tsang] &dang 2003) between the fitted

distribution and the original sample. Note that ikamportant is having a systematic

way of measuring the shape of the decay of a sigaaln other words, a way that allows
for the comparison of decay shapes across sigiafline p-value for the estimated alpha
is not used to determine if an RTE event oughtetinbluded or not. Note that according

to the QQ-plot in figure 3.10, alpha is roughly maitly distributed, though the high end

does show some deviation.

72



Histogram of alpha values alpha QQ Plot

120

0

frequency
40
|

0
|

—
—
el =
~N—
|
w
|
—
—

“alpha norm quantiles

Figure 3.10. Distribution of alpha and QQ plot siayva roughly normal distribution with some dewatiat the high end

closeness centralization. The network path is established and measured irstes. First,
Gomez-Rodriguez et al.’s (2010) maximum likelihaodthod is used to infer the path of
the flow. The result of this process is a diredteé network with the initiating user of
the RTE as theoot, or starting node. Information flows from the roatde to (and
through) other nodes, each of which representeawiso retweeted the initial user’s
tweet. This produces a directed network for eack Rihis network is characterized by
closeness centralization, a surrogate for the number and length of chammsprising the
path of the flow of the RTE. Note that this is eguivalent to closenessntrality, which
measures the average distance, measured in liekgeen a node and all other nodes in
the network. Closenesentralization, used in this study, is a network-level measurémen
found by averaging the closeness centrality foofathe nodes in the network
(Wasserman and Faust 1994). When closeness ceatiati is 1, the network is a perfect
star with the center being the initiator of the RA& the number and length of chains in

the network increase, the closeness centralizatiemsure decreases. For a detailed
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description of the model used to infer the RTE pagtwork, and more details about
closeness centralization, see appendix D.

peak (max) rate. This variable equals the rate of retweets at tla p@ the signature model, it is
the height of the peak. A negative relationshigxpected between max peak and alpha
because a higher peak means more people simulslgeetweeting, so, holding all else
equal, there is a greater potential for more retsveethe next minute and the following
minutes. More retweets in the window after the pegilies a higher volume under the
curve, and thus a more relaxed decay phase (Idplea)a The distribution of the variable
is skewed, so it is log-transformed to fit the midutter.

peak time. Peak time measures the time in minutes from thminweet to the peak of the RTE.
This variable has a skewed distribution, so théabée is transformed with a logarithm.
The variable is included to provide an understagmaihow the parameters of the
signature model are related to the shape of thaydec alpha.

occupy day. This variable provides temporal context for the R¥iEhin the Occupy movement.
For each RTE, the value of the variable is the remalb days from the start of the
Zuccotti Park protest on September 17, 2011, tgpé#ak of the event. This controls for
trends within the Occupy movement not captureschdividual RTEsS. The relationship
between occupy day and alpha is not linear. Exptoraf various transformations and
early model fits revealed thataoken stick or piecewise regression method (Faraway
2004) resolves the issue. In a broken stick regredke variable is split into two or more
variables, which are then included in the regresside first contains all of the original

values up to a given cut off, there after the valaiee zero. The second variable contains
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zero up to the cut off, and the original valueséhaéter. Thuoccupy early andoccupy
late are derived from occupy day and included in thpassioR®.

Selection of the cutoff occurred after early attésrtp fit the regression. A
Bonferonni test for outliers (Faraway 2005) idaatif20 observations as outliers.
Investigation showed that these observations hagajtialities in common: they tend to
have high alpha values, and the RTEs all peak dumirtater than March 1, 2012, that is,
late in the Occupy Movement. Faraway (2004) notesdrsituctural modification of the
model is required in the presence of an obseryaditern in a set of outliers. A cut off of
150 days, February 17, 2011, situates all of thkeosi in the occupy late variable. This
cutoff date happens during a period of relativeegoence and corresponds to a brief

collection outage in mid-February (see figure 2.5).

Model 2
. XZAlpha
Pirgﬂa“t”e L »  x[JPeak Rate
ameters xIPeak Time
_ Y: Changesin
RCZEE[JSGtF S ig:\qgaioggn\(l)ev:/sers »  Social Network
ntex (change in followers)
X[Z7Occupy Day
Temporal | x7Occupy Day?2
Context
XIOverlap

Figure 3.11. Graphical version of model 2 with gate groups and the specific variables.

8 Exploration of alternative functional forms andrsformations included second- and third-degregnopohials,
square root transformation, and logarithmic. Thekbn stick method and a second degree polynonsat(in the
second model) resulted in similarly adjusted R-sggiand, based on an F test, were not significaliffigrent. With
the broken stick method, residuals appeared mamaaian the diagnostic plots.
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Y = Bo + Brxy + Baxa + Baxs + Paxy + Bsxs + Pexe + Brxi + Pexg +

changesin followers (dependent variable). This is the dependent variable, the net changleen t
number of followers of user who initiated the RTiHs measured during the window of
the RTE. The distribution is skewed, and a numlb&ramsformations were attempted.
Ultimately the Box-Cox method (Faraway 2004) besineates the optimal power
transformation, 0.19 for this model. The transfaioraputs the variable more in line
with a normal distribution (see figure 3.12). Alsloe transformation resolves a problem
with non-constancy of variance in the predictor androves the linearity of the

relationships with the independent variables.
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Figure 3.12. Distribution of change in followerdahe QQ plot for the transformed variable. Nott the transformed variable

is roughly normal except for deviation at the efghlend.

alpha. See the description for alpha for model 1. A negatialue is expected for this variable.
As the value of alpha decreases, the decay phdke signature is more relaxes,

meaning higher levels of retweets are sustaindcelgé being equal, higher levels of
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sustained retweets should be accompanied by gieateases in the number of
followers that the initiator RTE receives. See igec8.1.2. for a more detailed
discussion.

peak (max) rate. See the description for this variable for modeA hegative relationship is
expected because a higher peak means that morke @@esimultaneously retweeting.
Holding all else equal, there is a greater potéfaramore retweets in the next minute,
and thus a greater chance for the user of thalitvtieet to gain more followers.

peak time. See the description for this variable for modeTlie variable is included to provide
an understanding of how the parameters of an RJiatire are related to the change in
the number of followers of the RTE initiator.

initial follower count (init followers). This variable is the number of followers that tHEER
initiator has at the start. The assumption is tisats with large numbers of followers
have greater reach than those who do not, anchdnwesa greater potential to be
retweeted and reach new users who might beconmewvetk. This variable is log-
transformed.

mean followers. This variable is the mean number of followers btlz¢ users who retweet in an
RTE. When a user with a very large number of fobesvparticipates in an RTE by
retweeting the initial tweet, then we can expetilae being equal, that more people
will be exposed to the initial tweet than if suchser had not participated. This exposure
ought to create more potential for the initial ugegain new followers. Mean followers
controls for this follower effect. The distributiar this variable is skewed. Note that in

many cases the median would be used as the cargesurement for a skewed
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distribution, but since the intent is to capture dffects of very large users, the mean is
used. Therefore, the variable is log-transformed.

overlap. As was discussed in section 2.2.2.2, when a ug&t@s more than one RTE in a short
period of time, the RTEs can overlap. Unless oypgilag RTESs are controlled for, the
change in followers for each of the overlapping RT#ll be over-represented. The
overlap variable, an integer count of the numbeswalaps of one RTE with other RTEs
initiated by the same user, controls for this dffébis variable has been transformed
using a square root to improve the imparity ofrilationship with the dependent
variable.

occupy day. As noted for model 1, this variable measures threber of days into the Occupy
movement and controls for the temporal contexhefRTEs. Unlike model 1, where a
broken stick regression approach was used, for hdejuadratic relationship between

Occupy Day and the response variable providesdbefi.

3.2.2.3 Inferential Analysis

All models are wrong, but some are useful. - George Box

The purpose of this section is to discuss the mgpletification, the interpretation of
variables, and the diagnostics employed to entierenbdel assumptions are met. As mentioned
before, multivariate regression models are emplageahswer both Phase 2 research questions.
Because the project aims to develop an understgrdinow parameters of the signature model
are related to network dynamics, hypothesis tesifrgpecific individual variables was more

appropriate than was model development. In additlmanfocus is the significance and direction
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of relationships, not necessarily the magnitud#hos$e relationships. Thus interpretation consists
of noting the significant variables and interprgtthe direction of the relationship. For both
models, the findings section reports the coeffitdend their p-values, along with the confidence
intervals for these estimates. The findings alporethe R-squared values and F statistics for
both models.

Development of the models proceeded iterativelygustepwise regression for variable
selection. The goal of stepwise regression indgbrgext is to find the smallest model that fits the
data best (Faraway 2004). Thus a model was fit avigiven set of variables, followed by
another fit with a variable added or removed. Waeéding variables, an F-test was used to
determine if the variable added significantly te thodel. For each promising mode, diagnostics
were run to provide feedback for further improveinaiithe models.

The stepwise approach to variable selection supploetexploratory nature of the work.
Indeed, Faraway states that “variable selecti@psocess that should not be separated from the
rest of the analysis” (2004, 63:121), indicatingtth is the process of variable selection that can
provide insight into the data and variable relaglaps.

Of course, as noted before, the tweet metadagaitis rich, meaning that a wide range of
variables could be included in model developmehe @riterion for variable inclusion is as
follows:

1. The variable represents one of the measurable géeasrof the signature model
2. The variable measures some potentially importaataatteristic of the users who
participate in an RTE, for example, the numberntibfvers they have, or whether or not

the user account has been identified as a botu@mated accourft

29 Early modeling efforts included a variable for thember of bots that participated in a given RTRede
variables failed to be significant. For a list af€Dpy bots, see: https://twitter.com/cdubs/occupyhembers
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3. The variable controls for important context witkwhich the RTE is situated, for
example, overlapping RTEs or when the RTE tookeptager the course of Occupy
Movement®

The assumptions of a linear regression model atetlle parameters enter the model

linearly, that the model errors are independentelmnstant variance, and are normally
distributed. In the context of these models, litganeans that the relationship between the
dependent variable and the independent variabmddbe linear. These relationships are
explored graphically using scatter plots and, winereessary, variables are transformed to
improve the linearity of the relationship. Notetthariable transformation can make the
interpretation of the coefficients difficult. This particularly true when the dependent variable is
transformed, as is the case for model 2. Howewenoted at the beginning of this section, the
focus for this analysis is primarily on the directiof the relationship for significant variables.

Thus the sign of the coefficients shall be intetguiebut not the magnitude of the relationship.
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Figure 3.13. Model 1 diagnostic plots: residualsus fitted and QQ Plot for normality of residuals.

%0 Butts and Cross (Butts and Cross 2009) found seeffects to be a factor in volatility in blog ditan networks.
Variables for the time of day are not includedha tmodels for this study because the time of dapisignificantly
correlated with either alpha (Pearson's correlatio®80, d.f. 427, 95% CI: -0.015, 0.175) or chaimgillowers
(Pearson's correlation: -0.024, d.f. 427, 95% Qt18, 0.071).
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Figure 3.14. Model 2 diagnostic plots: residualsus fitted and QQ Plot for normality of residuals.

The following paragraphs examine the validitylod tegression model as an adequate
statistical representation of the data. This ingslehecking the residuals for constant variance,
and testing for multicollinearity and autocorredaiti For both models, the fitted vs. residual
scatter plots demonstrate constant variance, an@Q plots note that the residuals are roughly
normal except for a mild drift at the ends. Figu8ek3 and 3.14, respectively, show model 1 and
2 diagnostic plots.

A Durbin Watson test is run on both models to tesautocorrelation, which is when the
residuals are correlated. Low p-values, less th@h, @vould suggest the presence of
autocorrelation (Ott and Longnecker 1993). For nhadbe D-W test statistic was 1.85, with a
p-value of 0.114. For model 2 the test statistis 4.0, and the p-value was 0.264. These values
indicate that autocorrelation is not present theedels.

Multicollinearity is the case where the independeartables in a model are strongly

correlated, which can result in poor estimatehefrhodel coefficients (Kahane 2001). A
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variance inflation factor (VIF) test was run fortbanodels. This test calculates how much
multicollinarity increases the variance of a ca@éint. Values greater than 4 indicate the
presence of multicollinearity. Table 3.3 and takk provide the VIF values for the coefficients

of models 1 and 2, respectively.

Table 3.3. Variance inflation factors for modeldefficients.

VIF valuesfor model 1
closeness .
centralization Peak Rate Peak Time Occupy Early Occupy Late
1.26 1.3 1.8 2.45 3.27
Table 3.4. Variance inflation factors for modeldefficients.
VIF valuesfor model 2
. Init Mean Occupy Occupy
Alpha Peak Ratg Peak Tin ®Eollowers | Eollowers Day Day’ Overlap
1.35 1.75 2.11 1.50 1.37 2.60 1.27 1.73

3.3 Findings

The first regression model has been designed twarthe research questidiow is
closeness centralization related to the shape of the decay phase of a signature? As noted before,
closeness centralization is used to measure the degree to which the patreahformation flow
included chains, ana pha quantifies the shape of the decay phase and degpendent variable.
The R of the regression model was 0.5448, indicating tthe model explained 54% of the
variance seen in alpha for the RTEs included irstbdy. The F statistic (5, 423 df) for the
model was 101.3 (p-value=0), indicating the modsignificant, or that all coefficient estimates
are non-zero. Table 3.5 contains the coefficieninedes, the confidence interval (2.5% CI and

97.5 ClI), standard error, t-value, and p-valuetliose estimates.
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Table 3.5. Model 1 results.

Model 1 Estimate 2.5% CI 97.5% CI Std. Err. t-value p-value
I nter cept 2.502 2.401 2.603 0.051 48.782 O
Closeness | 555 0.199 0.253 0.014 16.382 0%
centralization

Peak Rate | -0.177 -0.230 -0.124 0.027 -6.568 O
Peak Time | 0.227 0.189 0.266 0.019 11.666 O
(E)gflt;py 0.0012 0.0006 0.0018 0.0002 4.197 O**
Occupy Late | 0.0008 0.0006 0.0011 0.0001 6.676 O

Signif. codes: 0 *** 0.001 ** 0.01 ¥ 0.05 0.1 ' 1

Note that the relationship between closeness dengitian and alpha is significant and
positive. A lower alpha means a more relaxed debage, and a lower closeness centralization
means the information flow traveled through moré Emmger chains. Thus, all else being equal,
more relaxed decay phases are related to inform#tet flowed through more and longer
chains. Because this indicates how chains aresrktatthe shape of the signature, this addresses
the first research question.

This finding is consistent with Granovetter's (3ptheory of weak ties and other authors
who note that messages spread faster and easieomy tie networks, but need weak links to
span structural holes and disseminate novel infoam#&o more distant parts of networks (A. L.
Barabasi 2003; Burt 2004; Walther et al. 2010; Re®d®95). When novel information flows
over weak ties to new clusters it may spread quiakiong these strong ties and be detectable as
higher sustained rates of retweets. Each timedkesun the cluster retweet, individuals they are
weakly linked to may pick up and spread the messatgeir own strong tie clusters, creating
the possibility that another cluster will againady share and spread the information.

Note that a limitation of this work is that bridgeand weak ties are not directly detectable
in the inferred paths of the RTEs. Detecting wae& would require having knowledge of both

the sub-network and the larger social networklsiig structure. Thus, even though longer
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sharing chains are related to more relaxed sigesttinis study cannot confirm that the path
flowed through weak ties.

The peak rate and peak time, other parametetredignature model, are also
significantly related to alpha. Higher peaks, whiceasures the number of retweets during the
peak, are related with lower alphas (negative imahip), and earlier peak times are also related
with lower alphas (positive relationship). Thus foore relaxed decay phases we would expect
higher peaks that occur earlier in the event.

With respect to the temporal context of the RT&hkoroken stick regression variables
are positive and significant. It follows, then tlagttime goes on the decay phases tend to become
sharper, all else being equal. However, the raethie decay phase became steeper was
significantly different before and after day 15Qoé Occupy Movement (February 14, 2012).
Before the cut-off, the change was faster; aftavais slower.

The second regression model has been designeédtess the research questiblow is
the shape of the decay phase of a signature (alpha) related to changes in the network structure?

As noted before, alpha quantifies the shape ofldoay phase—and the change in followsrs

the user who initiated the RTE—is used to meashweehange in the social network. The change
in followers is the dependent variable in modeTle R of the regression model was 0.8218,
indicating that the model explained 82% of the aiace seen in the change in followers. The F
statistic (8, 420 df) for the model was 242.1 (jhse=0), indicating the model is significant or
that all coefficient estimates are non-zero. T@becontains the coefficient estimates, the
confidence interval (2.5% CIl and 97.5 CI), standardr, t-value, and p-value for those

estimates.
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Table 3.6. Model 2 results.

Model 2 Estimate 2.5% CI 97.5% CI Std. Err. t-value p-value

I nter cept 1.773 1.063 2.408 0.378 4.686 0.000%**

Alpha ~0.309 -0.453 -0.109 0.097 -3.195 0.002 **

Peak Rate | 0.382 0.200 0.482 0.079 4.824 0.000%**

Peak Time | -0.008 -0.101 0.089 0.053 -0.146 0.884

I nit -0.128 -0.203 -0.027 0.049 -2.587 0.010 *

Followers

Mean 0.408 0.238 0.498 0.073 5.572 0.000%**

Followers

8;;“"3’ -4.079 4577 -2.833 0.491 -8.311 0.000%*

ggsé‘py 1.361 0.628 1.847 0.343 3.970 0.000***

Overlap 0.360 0.300 0.347 0.013 26.920 0.000%*
Signif. codes: 0 *** 0.001 ** 0.01 * 0.05. 0.1 ‘‘ 1

To answer the second research question, notehthaekationship between alpha and the
change in followers is negative and significantergected. More relaxed decay phases, all else
being equal, correspond with higher increasesllovi@rs or with more new links in networks.
This finding is also consistent with Granovett€t'g73) theory of weak ties. Holding all else
equal, higher levels of sustained retweets ougptdawide more opportunities for the message to
cross weak tie bridges and expose the novel infbom#& new users who might find it
interesting enough to create a new follower retediop in the network.

Of course, people retweet messages for many reasononly because they are novel.
For example, section 3.1.2 noted that tweets witht®nal appeal or interestingness are more
likely to be retweeted. Even with this caveat, fihdings of this study are consistent with the
expectations set by Granovetter's theory. Indéedfindings imply that more relaxed decay
phases of signatures may be related to novel irdobom. This is supported the finding that more
relaxed decay phases are related greater incrizafowers, particularly when we recall that

Teng et. al (2012) linked novel information to nkwks in discussion networks.
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With the exception of Peak Time, other parameateRRTES are also significant. Peak
Rate and mean followers were both positively relatethe change in followers, whereas Initial
Followers was negative. This means that RTEs wghdr peaks and RTEs where participants
had higher numbers of followers correspond withaggeincreases in followers (new links).
Interestingly, when the user who initiates the RES more followers, they tend to gain fewer
new followers.

With respect to the temporal context of the RT&hbvariables for Occupy day (that is,
how many days the RTE is into the Occupy Movemesete significant but of opposite signs.
The sign of the highest order provides informaadout the shape of the curve of the
relationship, so in this case a convex, downwargdisf relationship exists. Thus as time passes,
Occupy users who initiate RTEs gain fewer followéiisally, the variable that controls for
overlap of RTEs is also significant and positive gapected. This means that when a user
initiates multiple RTEs with overlapping windowsewexpect to detect higher increases in the

follower count.

4 Discussion

4.1 The interaction of flow and network dynamics

This study examines the relationship between teaiparameters of an information flow
and network dynamics. The methods include bothaeapbry data analysis (EDA) and
confirmatory statistical analysis. Previous sedieplit the work into distinct phases; this section
ties together and discusses the implications ofititiengs for both phases. Findings from the
exploratory analysis include (1) a signature matiined by parameters as illustrated in figure

4.1, and (2) an operationalization of Twitter sbatwork changes (as a change in follower
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count) The findings from the statistical analysis in@utie wiys theparameterof the signature

model are related to the changes in the Twittelatoetwork as well as how the path throt

which the information flows is related to tparameters of the signature model.

\|
Rate|

Peak Rate

Peak

yt = rate of tweets
attime t

Estimated shape parameter (alpha)
of fitted power law: 1/t ¢

volume under curve
is total size of event

Decay phase

Figure 4.1Signature model from phase 1, included here fovenience

The dependent variable for model 1 measures theesbfahe decay phase of 1

signature, and the independent variables inclutesé¢twork path (as measurey closeness

centralization) andther parameters of the signature m, while holding constant the tempo

context of the RTE. Tdndependent variable for model 2 measures the ehargpcial network

as operationalized by the change in the numbeollowers of the initiating user of the RT

The independent variables includes the parametéhe signature model, with a particular foc

on the shape of the decay phase, and hold thextaritthe RTE constant by including variab
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related to the users who participated in the RBEy@ll as temporal variables. Figure 4.2

graphically illustrates both models.

Model 1

Decay Phase _ f( Signature  Network  Temporal
Shape - Parameters r Path r Context

Model 2

Changesin __ f( Signature RTE User Temporal
Social Network — Parameters r Contextr Context

Figure 4.2. Regression models from phase 2, indiingee for convience.

One way to think about the relationship betweesdheodels is to think of the first as
relating thestate of the network before and during the inforamatiow to the signature model,
and the second as relating the network state damdgafter the flow to the signature model (see
figure 4.3). In the first model, closeness certelon measures the path of the information flow.
The information is assumed to flow through a prestexg network. As the information flows, it
instantiates a sub-network (the path of the flov@dmup of the users who share the information
and of the links connecting them. This path is as=iito exist as a potential path within the
larger social network before the information flowse dependent variable of the second model
is the net change in followers of the user whaated the RTE. This variable provides
information about the state of the network at theé ef the information flow in terms of how

much the network changed.
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Network Signature Changesin

Path Parameters Social Network

Model 2
Temporal and user context

Figure 4.3. Conceptual relationship of the regmassnodels.

Of course, the signature model is a temporal rgptesion of the information flow. But
the assumption of a pre-existing path, coupled #iehfindings of model 1, suggest that the
signature model also reflects the path of the fidwiformation, and thus the state of the
network before the information flow. Why? Recaktla positive and significant relationship
exists between closeness centralization and a{ploaeness centralization measures the
presences of star-like structures in the sub-nétwalpha is the shape of the decay phase of the
signature. If closeness centralization is not s$iggt in the model, then no relationship between
the path of the flow and the shape of the decagghall be detected.

In the second model, alpha is negatively relabeitié change in followers, which reveals
the state of the network at the end of the flowe Tiegative relationship indicates that more
relaxed decay phases correspond to greater insreag#lowers for the initiating user. In
addition to the signature reflecting more sharihgies and the state of the network before the
flow, then, it also reflects the changes in thewoek and state of the network at the end of the
flow. Indeed, closeness centralization and chandellowers are correlated. The Pearson’s
product-moment correlation estimate is 0.217, whth95% confidence interval between 0.125

and 0.306 (df = 427). The implications of the dii@t of this relationship are explored below,
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but it means that information flows that follow reatar-like paths relate to higher increases in
follower counts. This relationship implies, posgilituitively, that the initial conditions of the
network (captured by closeness centralizationjpdetor in the final state of the network
(reflected in the change in followers).

Not so intuitive, perhaps, is the implication tha process of information flows and the
dynamics of social networks is recursive. At leaghe case of the Occupy movement, any
individual information flow is situated in the langcontext of the discussions taking place within
the network of participants. So the state of thievaek at the end of a given information flow is
the initial condition network state for the staitacsecond information flow. The final network
state for the second flow becomes the initial cbodinetwork state for the next, and so on. This
process is termed aterative flow structuring model for the remainder of this document. This
iterative flow structuring model is a simplificati@f a more complicated process. One such
complication is that information flows can tempdyaverlap. An information flowf, starting
atto, has an initial network state Gfand a set of sub-networks that make up the palgrdihs
for the flow. An overlapping flowf;, that alterss betweerty andt;, alters the potential paths
for Fo for all subsequent times, creating interim netwsigkes.

The results from model 1 also indicate that theupeters of the signature model are
related. A negative relationship exists betweerptek rate and alpha, and a positive
relationship exists between the peak time and alpdafigure 4.4). In the former, the finding
makes sense because the height of the signateeelaiminute corresponds to the number of
retweets in that minute, and so a high peak at tgnmeeans more users are exposed to, and may
retweet, the message at titpeSuccessive rounds of higher retweets per minuténaerease the

volume under the decay phase curve; these routats te a more gradual decay.
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Figure 4.4. Signature model parameter relationsioipsd in model 1. Lower and later peaks are rdlatearper

decay phases.

In the latter relationship case, the finding intiésathat shorter delays from the initial
tweet to the peak are related to lower alpha valmed thus to more gradual decay phases. This
finding runs counter to an earlier study, Crane Sarthette’s (2008) research on YouTube
videos. They find that more gradual decay phasésamate of video views tend to be associated
with longer and more gradual build-ups. One coualcbant for the discrepancy by considering
the differences in the unit of analysis for botldses. In this study, the unit of analysis is an
RTE, an initial tweet and the retweets of that tweentified from Twitter's metadata. The
information flows are thus confined to the Twitegwvironment. YouTube is a content hosting
site; the views videos receive come from referoaiginating from many platforms, including e-
mail, social networking sites, blogs, tweets, amdi Yube itself (Broxton et al. 2010). To study
the daily views of videos on YouTube is to study #ggregation of information flows across
many platforms. The analogous process on Twittghtride a trending or viral topic (Huang,

Thornton, and Efthimiadis 2010; Nahon and Hems[@}3}, where many tweets and RTEs
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together form a topically bound conversation. Eafcthe RTES in this study are all part of the
Occupy movement conversation. As such, the disa@phetween the findings of this study and
of Crane and Sornette’s study could reflect theedehce between individual flows and the
aggregation of many individual flows, respectively.

The second model focuses on the relationship leetwee change in followers of the
initiating user and parameters of the signature fMiedel found alpha and Peak Rate
significantly related to the change in followersthathe former being negative and the latter
being positively related. Recall that a higher pesans more users are exposed to the message
in the next round of retweets, holding other fagtwonstant. Thus, more users who are not
already following the initiator of the RTE could brposed to the message and opt to start
following the RTE initiator. Model one found thdagonship between alpha and Peak Rate to be
significant. It would be reasonable to wonder & #ipha and Peak Rate are doing the same work
in the model, but the VIF scores for model 2 intBaatherwise, so we can assume that the
relationships are independent and that the intexpo@ above is valid.

Recall that the second model also includes varsaiole€ontrol for the user and temporal
context of the RTE. The negative coefficient fatih Followers indicates that users with fewer
followers tend to gain followers more quickly. Timelusion of the Occupy Day variable in the
model holds time constant, so the relationship ielatly in the Occupy Movement as well as
later. Also, since the change in followers is acteinge variable, the proportional effects are
even more significant: a user who starts off witld $ollowers and gains 50 experiences a far
larger proportional gain than a user who startsvath 500,000 and gains 50.

Note that the dataset includes 429 RTEs inititednly 17 users. Since users show up

more than once in this dataset we have some ingigghhow the relationship between initial
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followers and change in followers might change sexsigain more followers. Users with large
followings tended to experience greater followevgh when they had fewer followers and
slowed down as they had more followers. This issesiant with figure 2.18, which showed a
faster rate of follower growth for the OccupyWalkgicount earlier than later. Indeed the
relationship between the OccupyDay variable ancttiamge in followers in model 2 is
represented by a second degree polynomial; igrsfgiant, and the squared term is positive,
indicating the Occupy users in this study expemena faster rate of follower growth earlier in
the movement than later. Again, the VIF scoregtiermodel indicate the effects are
independent.

The growth of followers for the Occupy users irsttudy calls to mind Rogers’ (1995)
theory concerning the rate that new ideas and e diffuse through cultures. Figure 4.5
illustrates Rogers’ S-curve, with various stagewlbén different types of people would adopt
the new idea or invention. Note that the Social Medb’s corpus of tweets starts on October
19, 2011, about a month after the start of the @gecnovement. Thus, while the data appear to
roughly fit the s-curve from between the early adopto early majority, the data does not

provide any insight into the rate of follower gréwmidefore October 19, 2011.
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Figure 4.5. Rogers' graph showing the rate of diffn of innovations.
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Of course, other factors not included in the mquday a role as well. For instance, it is
reasonable to expect that the number and duratistooes related to Occupy from the major
media outlets would play a role in who would becaware of, and follow, the Occupy
accounts. Occupy activity on other social mediessitould be a factor as well. However, there
are two reasons to suspect the growth in followl@sstart out relatively slowly. First, a timeline
of the Occupy movement on Wikipetfimuggests that media coverage of the movement was
sparse in the first week or so. Thus new followeoslld have become aware of the movement
through other sources, such as word of mouth, bleasebook, Twitter and other social media.
The second reason for potentially slower growttihatstart is related to the iterative flow
structuring model briefly discussed above.

Initially, when the Occupy accounts had few follosiehe number of other Twitter users
exposed to their tweets, and thus retweet them|ditave been small. Each information flow
that resulted in new followers would increase filze sf the follower base for the next
information flow, which could then reach an eveaajer audience. Users with large numbers of
followers can be identified as the hubs in stamations in social networks. They can also be
thought of agjatekeepers, “people, collectives, companies, or governmemas, tas a result of
their location in a network, can promote or supptee movement of information from one part
of a network to another” (Nahon and Hemsley 20)3T e Occupy gatekeepers grewnaves.
Each wave extended the Occupy gatekeeper's reaplerdand deeper into the network.
Certainly different content will have influencecetprocess in different ways, but whether the

tweet included a link to a Wall Street Journalctia YouTube video, a blog post, or contained

31 http://en.wikipedia.org/wiki/Timeline_of Occupy_WWeStreet
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information about a raid at an Occupy encampmextt) ef these information flows contributed
to growth of followers over the period of this syud

The rate of followers would tend to grow slowlyfiast. At some point an epidemic
threshold? of followers would be reached in the network ansixgh would become exponential
(Watts, Peretti, and Frumin 2007). Over time thehar of people in the network available to
become followers, those both interested and prelyainexposed to the messages, would shrink
and growth would slow (the “late majority” sectiohthe curve in figure 4.5). Note that this
explanation doesn’t take into account that user$witter can discover users and their messages
by searching for tweets with key words.

Over time the increase in number of users follovireyOccupy accounts will result in
network structural changes. This is because angsetase in the number of links in a network
results in adensification of the network. Density of a network is a measafrthe total number of
links divided by the totgbossible number of links (Wasserman and Faust 1994). Mok |
mean a denser network. Leskovec et al. (Leskovisinlserg, and Faloutsos 2005) found the
process of densification in networks to be faitgide over time. Leskovec et al. also found that
with densification comes a decrease indlagneter of the network, which measures the
maximum shortest path between any two nodes ineh&ork. Thus, as the Occupy accounts
extended their reach deep into networks, they &y brought the network closer and closer
to themselves.

The last variable to discuss for model 2 is medlovers, which is significant and
positively related to the change in followers (Bgare 3.10). The positive relationship means

that RTE initiators gain more followers when thenssretweeting them have more followers.

32 An epidemic threshold is the point at which grolwéttomes self-propelled and takes off exponenti@lther
terms that mean the same thing jginese transition, critical mass, and Gladwell’sTipping Point (2002).
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The selection of mean, instead of median, is irgdrtd control for the presence of users with
large numbers of followers within the set of useh® retweeted the initial tweet. In other words,
this variable will be larger when a gatekeeper eetts the initial tweet, suggesting a gatekeeper
effect from users with a large number of followersn important driver in users gaining new
followers. This isn't surprising since gatekeepirrsogether different parts of the network,
which would tend to extend the potential reachhefrhessage to parts of the network that would
be otherwise inaccessible.

This gatekeeper effect supports the correlatiolegan this section: closeness
centralization and change in followers have a pasielationship. Thus, as the path through
which the RTE flowed is comprised of more star-lgtauctures, indicating the presence of
gatekeepers, greater gains in followers are obdeA/@egative relationship between closeness
centralization and change in followers would imftigt information flowing through more and
longer chains would lead to more followers. Theifpasrelationship seems to run contrary to
what model 1 and model 2 indicate. Model 1 indisdkat more and longer chains are related to
more relaxed decay phases, and model 2 indicagtdntbre relaxed decay phases are related to
greater increases in followers. From this we matgect that closeness centralization would be
negatively related to change in followers insteBdaving a positive relationship.

The explanation is that the signature is a fumctibthe rate of retweets, not changes in
followers. More relaxed signatures indicate thatrtdte of retweeting decreases slowly, or that
retweets sustain their level over time. More amdjer chains are related to sustained levels of
retweets over time. However, holding all else egsastained levels of retweets over time (more

relaxed signatures) are related to higher increasiesiowers. Note that closeness centralization
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is anchored on the high side by a perfect stamanithe low side by a single long ch&friThus,
the positive relationship between closeness cérdtadn and change in followers indicates that
stars (gatekeepers) have the greater effect imdrimcreases in followers. It seems reasonable
to assume that more or larger stars will precipitabre and longer chains than smaller stars
would. Both chains and stars drive increases ioviars, gatekeepers, who connect dispirit
networks, have a larger effect. More and longeimshhave the larger effect in sustained levels

of retweeting over time.

4.2 Theory Development

This study provides initial steps towards a thdbgt explains the interactions of dynamic
social networks and flows of information. A criti¢aitial step is conceptualizing the
information flow by defining aetweet event (RTE) and precisely characterizing this RTE
through itssignature. A second step is to characterize the network lyosin terms of changes
in follower count of the initiator of the RTE andterms of network measuresdahsity,
centrality, anddiameter. Collectively, these concepts and their operatination by
measureable event and network parameters provmendation for developing a theory of
dynamic social networks and information flows.

Garcia-Murillo and Gozen (2012) state that “in g@hterms, a theory is an explanation
of a phenomenon” (Garcia-Murillo and Gozen 20138)1and that @rocess theory is one in
which the order and relationship of events in timexplained. They state that that such theories
focus on answeringow questions. Pettigrew definepncess as “a sequence of individual and

collective events, actions, and activities unfaddaver time in context,” (Pettigrew 1997, 338).

% Technically, a circle, where all nodes have theesaumber of links, will result in a closeness cai#ation of
zero.
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This study set out to understamalv information flows and dynamic social networks
interact. In other words, this study focuses oneustnding how individual (retweet) and
collective (RTE) events, situated in time and witthe context of the participating users (mean
followers), the path of the flow (closeness cemedion) and the Occupy Movement (overlap of
events and days into the event), are related toggsain the social network within which those
events take place. The discussion above explamngim®initial network state is related to the
observed temporal signature of an RTE and how Rif&selated to both short term and long
term changes in social networks.

Section 3.2.1 noted that Twitter data does nopstighe use of process analysis in this
work because it is not possible to observe theshgiwcess by which information flows and
social networks interact. And yet Pettigrew’s (1pStatement that the aim of a process analysis
is to (1) identify patterns in the process and caraghem across cases, (2) find the mechanisms
that shape those patterns, and (3) and employibadtictive pattern recognition and deductive
theory that offers a starting point for the anay&ach of these is shown in this work: the EDA
identifies patterns that resulted in the signamoelel; the confirmatory statistical analysis links
the paths of flows to the observed patterns andgdsin the networks; and the study employs
inductive pattern recognition in the form of EDAdantilizes existing theory and empirical work
to suggest the direction for the development ofsigaature model. So while the outcome has
not been the case study that Pettigrew (1997) mmador process analysis, the other criteria
have been met. Indeed, Sabherwal and Robey (18§8gst that using process and variance
methods can be profitably combined.

For this work to develop into a more formal theaglditional work needs to be done that

shows the generalizability of the explanationsiffecent contexts. This could be done by
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studying information flows on different platforms, by performing detailed case study on a
large information flow, or on a set of moderatales flows, situated within a network. In
addition, more work can be done to make the expilamamore parsimonious so that others

might test the theory or employ it in explaininggesses they are observing.

4.3 The role of scripting in this work

O’Neil and Schutt (2013) surveyed self-identifieatalscientists and found that they spend
between 70% and 90% of their tirdata wrangling. Data wrangling is the process of getting
data ready for analysis. O’Neil and Schutt alscuks the importance of data exploration, noting
that data scientists at Google include it in thistrof best practices for making sense of and
analyzing vast amounts of data. Data wranglingagdst makes up a large portion of the work
reported in this dissertation, but it is diffictdt untangle the process of exploring the data from
wrangling it. Together, exploring and wranglingigaaccount for 85% of this research project.

In this research, data wrangling and EDA requingst@m software scripts. As of this
writing, about 6,000 lines of cotfecan reproduce this researfihe amount of code written
and abandoned is far greater than fishe effort of writing the abandoned code, thouuis
not been wasted. Section 2.2.2.2 notes that theepsoof writing software to explore the data
confers knowledge about the data, and that fixiefgcts in the code can lay bare erroneous
assumptions build into the code about the data.

A one-sided discourse with the data exists whetwsoé is iteratively developed to
explore the data using visualizations. The researabks questions of the data and interprets the

responses—or rather, the researcher interpresualviepresentation of the data, which is itself

% All of the analysis code is written for R (httpaliw.r-project.org/). Scripts written in both Pythand JavaScript
gueried and extracted data from the SoMe 'Lab’s §todatabase.

% https://github.com/jhemsley/Dissertation

% This can also be made available upon requestsoutrently not checked into a public repository.
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an interpretation of the data performed by the rdgm. It is tempting to claim that the
visualization is a reflection of the data — thakepresents the data in an objective way. It does
not. The researcher-programmer imbues the algotitlaincreates the visualization with “a
particular knowledge logic, one built on specifregumptions about what knowledge is and how
one should identify its most relevant componer(Giflespie 2014, 168). When the code is
written well, the algorithm encapsulates the redearprogrammer’s interpretive intention.

Certainly there is danger in this. Poorly developeftware may not encapsulate the
researcher-programmer’s interpretive intentiondaut nonetheless perform some interpretation.
Confidence in the algorithm is gained through ystematic development and rigorous testing.
Systematic development includes practices sucleeslaping and testing small units of code
before integrating them into the system, maintgniarsion control that supports examining
previous versions and maintaining a record of ckaagd including comments in the code.
Rigorous testing practices include writing softwareest the software under development,
stepping through the code as it is running to yehé expected behavior matches the actual
behavior, and verifying small samples of the outpefore executing large automated runs.
Further, reproducing the findings of this work waignd credibility to the software and
findings. However, this would best be done by engahew scripts based on the text of this
document rather than re-running the software usehis work. If the results match, then the
interpretive intention embedded in the softwareaimes the text of this document.

The interpretive layer of software and visualizatioediates the researcher’s interactions
with the data. The visualization becomes a datatfbat is interpreted by the researcher-
programmer. Alternately, the visualization is ipi@ted socially with research peers through a

sensemaking process. The mediating effect of thigalization has value. Just as documents
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have been shown to extend the human voice throoghand space (Levy 2001), the
visualization of data extends the reach of reseasrplogrammers through vast amounts of
human trace data. Utopian and dystopian rhetooc&big data’ (boyd and Crawford 2011)
aside, researcher-programmers do have an unprdeddsrility to observe (as this study does)
emergent signals from aggregated individual huméaractions at large scale.

A final note on software: it makes for excellerdi notes. The software makes explicit
and reproducible the exact steps employed in thewangling for this study. Writing the data
sections of this document essentially involvedgfatiing R scripting language into English. The
sequential narrowing of the data presented indbement reflects the fact that R executes code
sequentially. As a researcher-programmer, | cabagi to the code at any time and demonstrate

exactly the chain of evidence used in this study.

5 Conclusions

5.1 Summary

This study employs exploratory data analysis (ERAJ confirmatory statistics to study
the relationship between information flows and dyi@asocial networks. The research is in two
phases, with the EDA preceding the confirmatoryhyam® The EDA consists of inductive
pattern recognition of large numbers of data viza#ibns, more direct exploration through the
development of software, and social sensemakirtigeo¥isualizations. The findings,
summarized below, include the ways in which thatrehship between information flows and
dynamic social networks can be studied. Variangeession models examine and confirm the

existence and nature of these relationships.
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5.1.1 Findings and Implications

Phase 1 yields two findings. The first of thesa &ylized model of information flows
defined by a set of parameters that describe thpdeal shape of the retweet event. The model
is referred to as &gnature Model. The second result is an operationalization ohgea in
networks that provides a way to quantify structaetreinges in networks without specific link
information. These two findings provide a meansstatistically testing relationships between
structural changes and the parameters of informdlioevs. It answers the research question for
Phase 1How can Twitter data be used to explore the relationship between the flow of
information and dynamic social networks?

Phase 2 confirms that the parameters of the Signdodel relate to the path of the flow
of information. Specifically, the decay phase @& #ignature model tends to be more relaxed
(extend longer) when chains of social sharing angér and more frequent. The decay phase
tends to sharpen (drop off more quickly) when tathf the flow, as represented by a network
topology, is more star-like. Closeness centralimatjuantifies the path of flow as low (more and
longer chains) or high (more star-like). This résuiswers the first research question for Phase
2, How is closeness centralization related to the shape of the decay phase of a signature?

Phase 2 also confirms that the parameters ofifr@tire Model demonstrate an
association with changes in the topological linkstigicture of the social network through which
the information flowed. Specifically, more relax@eicay phases, higher peaks, and earlier peaks
each is associated with greater increases in thmbauof followers of the user who initiated the
information flow. Changes in the number of followeluring the information flow operationalize

changes in the linking structure of the social retwThis finding answers the second research
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guestion for Phase Blow is the shape of the decay phase of a signature related to changesin
the number of followers of users who initiate RTES?

The findings from Phase 2 imply that the netwdrkha end of a given information flow
is the initial condition network state for the $taff future information flows. The findings also
imply that hub structures, or gatekeepers in theupg movement, gain followers and extended
their reach recursively. In other words, when darmation flow brings a new set of followers,
those users increase the potential reach of thegyagatekeeper for the next information flow.
Over the period of time studied, the rate at wiihgse gatekeepers gained followers slows,
possibly reflecting network saturation in termgteé number of interested users who are likely
to create new follower ties in the network.

This study provides the initial steps towardseptly that explains the processes by which
dynamic social networks and information flows, asdeled using signatures, interact.
Additional work that confirms the generalizabilay different platforms and different contexts

could lead to a more formal theory.

5.1.2 Limitations

This section highlights four important areas ofitations. These are (1) limitations in the
signature model, (2) limitations in the method usethfer the path of the RTESs, (3) limitations
due to potential inflation of the change in follaowéor RTES, and (4) the generalizability of this

study.

5.1.2.1 Signature Model
This study operationalizes an information flow asRaIE. Each RTE is derived from
tweet metadata. When users retweet using TwitRetsveet button, the interaction is captured in

the metadata of the retweet and included in the.RJ&ers can manually retweet by appending
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the text of the retweet with “RT: @USERNAME.” Thasanual retweets are not included in an
RTE because there is no metadata trace of theomedaip. In a blog post, Hemsley (2012) noted
that manual retweets make up about 8% of the rédwea dataset of #OccupyOakland tweets
drawn from the SoMe Lab corpus of tweets. The ¢ffecthe signature for each affected RTE
should be to underestimate the rate, and thusdight) at the point in time when the manual
retweet was posted. Unless manual retweets conystecur at the same time relative to the
peak, this limitation should not change the patteumd in the shape of the signatures.

The signature model is also limited: Becausefathe RTEs analyzed have a minimum
of 100 retweets, the model represents relativebeldlows of information. It does not capture
patterns that might exist in smaller-scale evdh&so does not represent events with multiple
peaks (see section 2.3.1 for more discussion).anlaéysis focused on the maximum rate as the
peak and truncated retweets more than two housdef after the peak. This means that
retweets that occur days or weeks after the Inutieet are not represented in RTEs and thus not
captured in the model. Note that 80% of retweethéndataset occur between the time of the

initial post and the end of the two hour windowugthhe model represents the majority of cases.

5.1.2.2 Inferred Path Method

Recall that the actual path of RTEs is unobservabteso a maximum likelihood model
(Gomez-Rodriguez, Leskovec, and Krause 2010) id tesanfer the path of the information
flow. Gomez-Rodriguez et al. (2010) show that thethnd discovered over 90% of the edges in
a network. An important limitation of the methodhst it assumes that there are no gaps in the
flow, that everyone in the path network is connédteeveryone else. Thus it fails to capture
cases where someone found a tweet during a seadatetaveeted it. Users who retweeted from

a search will be treated identically to those wéioveeted from others in the RTE. This study
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assumes that these users make up a small fradttbe cetweeters in an RTE. This study also
assumes a random distribution for the time whdative to the peak time of the RTE, users find
and retweet messages. As such, the model treats ftnend and retweeted tweets as noise in the
model. Finally, an inferential model represents erplanation of the observed data. Other

models could also explain the observed data.

5.1.2.3 Change in Followers

There are three ways that the change in follon@ar&TE may be inflated, compared to
the number of retweets in the RTEs. The first is tluthe exclusion of manual retweets. The
increase in followers detected during the RTE witlude any new followers related to manual
retweets. As mentioned above, these manual retwaetsot be present in the RTE and so the
signature will not reflect them. Unless manual esttg consistently occur at the same time
relative to the peak, which seems unlikely, thaeisigance and nature of the relationship among
the model parameters and the change in followeysldmot be affected; the only thing affected
would be the strength of the relationship relatvéhe other variables in the model. As a special
case, a manual retweet could spawn a related RatEnvilh not be captured because users would
be retweeting the manual retweeter. The size ofRfoHows a power-law; because these related
RTEs should be relatively small, it is reasonablexpect, even in these cases, that the analysis
ought not be strongly biased.

Another way that the change in followers for RTgsld be inflated is related tate
l[imiting. Twitter allows users to collect up to 1% of théat volume of tweets when using the
Streaming API. If Twitter imposed a rate limit dugian RTE, those tweets would not exist in

the Social Media Lab corpus of tweets. Additionallyiscoll and Walker (2014) note that 2.5%
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of the tweets were missing from the Streaming®A®hen compared to data collected from
Twitter's fire hose®® Thus some RTEs may have missing retweets duetiintitations of the
API. Rate limiting likely occurred on November 158911, the day the New York City Police
Department cleared Zuccotti Park of protestorthif were a serious issue, then the affected
RTEs would have been detected as outliers in tiession models.

Finally, Twitter users can gain followers durinEs that they initiated for reasons
unrelated to the RTE. For example, a person magrbe@art of the OccupyWallSt account
from the news, a blog post, or a Facebook pogheyr could sign into their Twitter account and
follow the OccupyWallSt account directly. This igrpcularly possible during times of heavy
news coverage, such as November 15, 2011, thehddydw York City Police Department
cleared Zuccotti Park of protestors. This effecynmflate the gain in the number of followers
associated with each RTE. However, the fact thdEdRdre limited to a 2-hour window after the
peak of the event, meaning that inflation to useust follow the Occupy accounts during the
window, should mitigate this effect.

The generalizability of this study is limited indmmportant ways. First, the exploratory
analysis included only Tweets related to the Ocddpyement. The signature model is thus
limited to Occupy or, possibly, to similar politiand social movements. More work will need
to be done to extend this model to different cotsteXecond, because the regressions include all
of the available observations, the findings areegalizable only to the Occupy dataset, and

specifically, to the Occupy user accounts.

37t should be noted that the streaming API collidctearly 4 times as many tweets as was collected fhe
Search API when using the same search terms.
% The fire hose returns all tweets in real-time.
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5.2 Contributions

The following are the main contributions of thisearch:

5.2.1 Making explicit the exploratory phase

This dissertation contributes to methods of stuglyange datasets by providing details
about the use of EDA in this work. The EDA employedtter data, but the exploratory
techniques are suitable for making sense of a vadge of unstructured data. This could include
data from other social media sites to data frommaman sources, often referred to as the
Internet of Things. Future researcher-programmexg dnaw on the details included in this work
to determine if existing datasets could be usefariswering their questions, understanding the
limitations and quality of the data, and discovgritructures and patterns in the data. Details
expected to be helpful include the use of profesdiphotography software to explore, organize
and find patterns in large quantities data visaaian; the use of both bold features and fine
details in plots that facilitate exploring featusesoss plots and within them; and the use of
social sensemaking as a means for identifying neamaes of exploration. This work also calls
attention to the use of software in both explotimg data and as field notes that make explicit the
assumptions embedded in the work of data wranglimyexploration. The dissertation discusses
risks associated with using multiple interpretiggdrs and suggests best practices for lowering

these risks and ensuring rigor.

5.2.2 The Signature Model

This study introduces the signature model as adeahpodel of information flows. The
parameters of the model are the time to peak, ¢ha& pate, alpha (the shape of the decay phase),

and the size of the event. The model is a usefigl fer examining the relationship between
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information flows and network dynamics. Researckarsuse the signature model to make
comparisons of information flows across differelatiprms and content types. The model may
also be useful in examining the temporal behaviaitations in knowledge networks. For

example, it might help in early identification aherging fields that have widespread impact.

5.2.3 Operationalization of network dynamics

This dissertation demonstrated the usefulnessreétmethods of studying network
dynamics. First, the study extended the methodhferring the path of information diffusion
(Gomez-Rodriguez, Leskovec, and Krause 2010) Hudireg a parameter for the followers of
users in the network. This is assumed to more atelyrmodel Twitter networks than simply
using retweet time stamps. Second, this study tipaedized the structure of the path through
which information flows using closeness central@atwhich allows for the differentiation of
paths that are star-like vs. those that flow thioogpre and longer chains. Finally, this study
shows that by tracking the change in the numbéoltmfwers of users who initiated RTES,
researchers can measure changes in the linkingisteuof social networks when explicit linking
information is not available. These approachesbeansed together or individually in studies

seeking to understand aspects of network dynamics.

5.2.4 The interaction of network dynamics and information flows

This study provides new insight into how protestvueks like Occupy grow and how
gatekeepers within those networks gain followererdvgenerally, this works provides a set of
methods for exploring how information flows andwetk dynamics interact in other contexts.
Further, by examining individual flows in an intst@r topic network, the use signatures may be
useful in identifying (1) network altering informa flows, and (2) flows that reach deep into
networks through long sharing chains. Individuald arganizations interested in identifying
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information flows with these kinds of impacts camstruct and examine signatures within two
hours of the peak of an information flow. Thus twigrk has applications in research, industry,

activism and government agencies.

5.2.5 Theory Development

This study provides initial steps towards a thdbgt explains the process by which social
network dynamics and information flows interacte™ork introduces two important
conceptualizations. First, an information flow jgeoationalized by defining raetweet event
(RTE), which is precisely defined by parameters thake up & gnature. Second, network
dynamics are characterized in terms of changeslliomfer count of the initiator of the RTE and
in terms of network measures of density, centradityd diameter. Analysis of empirical data
demonstrates how these conceptualizations arededaid the sequence in which events are
related. More work can extend the utility of thiory by employing the signature model in

future research.

5.3 Future directions

The signature model should prove useful in studymfigrmation flows in a number of
situations. Literature discussed in section 3 Highlights that rich content, content with
emotional appeal, or content rated as interestirggall factors in tweets being retweeted. Future
studies can explore how content type may be agsdorth specific parameters of the signature
model. For example, interesting content might Hamger ramp-up times than content with
emotional appeal, or the relationship between negdht and the shape of the decay phase may
be weaker for emotional content than for intergstiontent. Likewise, studies that examine how

different platforms propagate different kinds dioirmation (see Nahon et al. (2013) for an
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example) might also find differences in the signasiof the events they study. Because the
signature can provide clues as to both the pathfefmation flow and how much the network
changes, understanding these relationships camerowsight into how different kinds of
content interact with networks.

Almost all of the RTEs in this study resulted &t follower gains for the initiator of the
event. In what cases might we see spreads witedamszero gains, and how might these be
related to the shape of the decay phase? Contalysanand topic modeling both appear to be
useful methods to mix with the variance models thkdte content to the parameters of the
signature model. If different types of content tesusignificantly different signatures, then
watching signatures may be one way of identifyimg ttype of content flowing through
networks.

Another fruitful approach to studying the interantof information flows and network
dynamics would be to employ a detailed processyarsabn a few specific events. Such an
examination could provide more depth to the consextounding the flows and could explore
the motives behind users’ decisions to propagdtenmation.

This dissertation provides a foundation for a seoikestudies that can provide greater
understanding of the processes of information flowsocial networks. The accelerated pace of
information exchange afforded by new social meth#f@rms, suggests that the methods and
models employed in this work may find utility a wiglariety of applications in the social media

ecosphere.
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Appendix A: Glossary

alpha. The shape parameter of a po-law distribution. The formal equation1/t*, wheret is

time.

Application Programming I nterface (API). An interface to a software system or platform

requires utilizing grogramming language to acct

bots. Software agents that operate on social media tidl Bdme purpose. For example, a |
can be used to send spam, aggregate content,eanitb automate a task for a hum
organizationpr other entity. An examg collection of OccupyBots can be fouat

https://twitter.com/cdubs/occupybot/memt

bridge. A bridge is a link that spans a structural hole (selow) in a network. Note that brid

can also refer to an actor at either end of theger.

chain. Networktopology where information flows from some nodeo®Bt and then from B to ¢

(see figures below).

Star network formation Chain network formation Combination of chains and a ¢

111




cluster. A collection of nodes in a network that are morasi#ty connected to each other than to

other nodes.

core. Represents the central part of the network, tyiyiees measured by number of links (in,

out or both) of the actors; however, other conceptentrality can be applied.

decay phase. A period of time after a peak of activity in aridmmation flow event characterized

by a decline in activity.

degree centrality. At the individual node level, this is a measuretrrthe number of links (in,
out or both) that a given node has. At a networttenevel this is typically a
measurement of the average or median of the degeasurement for all nodes in the

network.

densify, densification. An increase in the density (see below) of a netvowds time.

density. Refers to number of links in a network or clusiéetworks with more links are
considered denser. Formally, it is the total nundfeaxisting links divided by the total

number of possible links.

diameter (network). The diameter of a network is maximum minimum paghween any two

nodes.
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endogenous (event). A shock to a system from inside of that systeat recipitates events
within the system. In the context of studying imf@tion flows on social media this may

be a video or tweet that is spread around socidiame

exogenous (event). A shock to a system from outside of that systieat precipitates events
within the system. In the context of studying imf@tion flows on social media, this may
be a news story that starts on, for example, aBtreFrancisco Chronicle and spreads

within social media.

information flow. For this study an information flow is a single tunfi content or links to a
specific unit of content: a tweet or retweet, aeaadr links to it, a news story or links to
it, a blog post or links to it, are all considegedingle unit that, when shared, are the
objects of an information flow or information floewent. Certainly an information flow
could include comments, memes, related tweetspnsgpvideos, mash-ups, or any of a
myriad of ways that a discussion could be carriedmdeed, information that is
reframed, re-contextualized, shared across platfpdiscussed over lunch, or lectured
about could all be considered part of the same.fldvese are all beyond the scope of

this project.

interest network. A temporally bound, self-organized network in whimembership is based on

an interest in the information content or in beloggo the interest network of others.
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network. Generally, a collection of entities and the relaships between them. For this study,
the entities are thought to be social actors, whiehgenerally people but can be

organizations, institutions, @ots.

network holes. Conceptually, holes are open spaces between dusiir no or few links (Burt

2004). Links that span holes are referred tbredges.

network rewiring. When a node, user, or person in the network adasvdink or deletes a link

to another member of the network.

network structure. The patterns created by the links of a networ&ttpology (for example,

star or chain).

power-law. A probability distribution mathematically expredsasf(x) = 1K, whereu is called
the shape parameter. When plotted, a power-law is characterized bgllgpeak that
slopes sharply downward and then levels off. Tlapelparameter effects how quickly
the distribution levels off with higher values l@aglito sharper slopes and lower values

leading to more relaxed declines.
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Power-law distribution shape parameter (alpha)
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retweet event (RTE). An information flow event (see above) on a speabcal media platforr,
Twitter. A collection of tweets made up of a twaatl all of the subsequent retweet:
it. The “origin tweet’or simply*“origin” is the first tweet in the event that other pec
retweeted. In general set tela RTE is expressed &TE € {OriginTweet,

RT1, RT2, ... RTn}

RTE path. A directional, ephemeral network created when omaare users forwards (retwee

a tweet; includeall retweets of the origin twee

share. Genericterm for posting content on a social media regasdtd the platform cof
whether the content is being pcd the first time or as a result of a larger inforroai
flow. Thuswhen someone twey, they shareand when someone else retweets that 1,
they are also sharing (though the term can applyherdlypes of content on oth
platforms as well). When it is necessary to distia between an origin pc(first post)
and posts later in the information flow, share e-share (or sharing and-sharing)

shall be used.
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sharing chains. A flow of information including at least 2 link®id 3 nodes such that: A B -

C, where A, B and C are users who share information

signature. A time series data structure that captures themelof flow for a given time frame.

For example, viral videos are often graphed as viper day.

size of a retweet event. Numeric; the total number of retweets for a giveigia tweet.

social media (SM). The set of Internet platforms that enable “pedpleonnect, communicate,
and collaborate” (Jue, Marr, and Kassotakis 20@9, which includes blogs, wikis,
content sharing sites, and social network sitesgAwv2006; Jue, Marr, and Kassotakis

2009).

star. Network topology where a single central nddis connected to all other nodes, and where
information from one node to another must firstgolsough the central node (see figures

above).

user. The entity—person or persons, organization, amsok agent (see bot) — associated with
an account on a social media site. For this stugyassumed that users have a one-to-
one mapping to accounts, but certainly this isaivays the case. The teuser, rather

than person or individual, is used because na@tcalbunts are associated witpeason.
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weak ties. Granovetter suggested that “the strength of & @e(probably linear) combination of
the amount of time, the emotional intensity, thémacy (mutual confiding), and the

reciprocal services which characterize the tie'7@,91361).
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Appendix B: Twitter & Social Media Lab data details

B.i: Twitter Streaming API process overview

Twitter returns status updates in JSON (JavaSOigpect Notation) format, which is a
simple text-based key-value pair format. For exantle text of a tweet is indicated in the data
with thekey, “text”, followed by a colon and then tlelue, or the tweet text (see appendix C for
a full example):

“text” : “Jeff sent this tweet text as an example”

When using Twitter's Streaming API, an HTTP requesent to Twitter's severs that
includes a list of search terms. A tweet is retdr(streamed back) if any tweet text, hashtags,
@-mentions, or URLs within the tweet match anyhaf $earch terms sent in the HTTP request.
Twitter streams the tweet back over the originallRTconnection. As long as the connection is
left open, Twitter will continue streaming back etahg tweets. The Social Media Lab based its
initial search term list on a spreadsheet of Ocawggted accounts and hashtags maintained by
the movement’s OccupyTogether website (http://wvesupytogether.org/). The list, loosely

curated by members of the lab, is included below.

B.ii: Social Media Lab collection system

Figure B.1 is an illustration of the Social Mediald_collections system (Walker et al.
2013). Amazon Web Services (AWS) hosted the sy$bernie majority of the project. Except
for the some of the analysis (and data wranglimgst of the data flow steps occurred on AWS
Ubuntu serves. A lightweight application called dU@vritten in ‘c,’ its primary function is to

make and deal with HTTP requests) establisheddtuabHTTP connection. A BASH shell
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script monitored the cURL application and reestdtdd the connection to the APl as needed.
Together, the cURL application the BASH script stbthe raw JSON data objects in text files
on a daily basis; that is, one file contained glgiay’s tweets, where each line was a single
JSON tweet object. These files were compressedavetl as raw data. Python scripts read the
data, transformed date strings into date objealsraerted them into a Mongo (“MongoDB”
2013) database, a noSQL database that stored &gt dbject as a single document and
provided fast query functionality on key value-gdwor large non-structured data. As data was
needed for analysis, queries extracted sets ofidkataab-separated files, which were

downloaded for analysis in R.

. Ubuntu or
DK
AAOS Ubuntu OS | | Windows UB0rT0 08
%\\\2(/@&
&‘\‘\,b\ BaSh S"]e” R .
N :\q anal ySS tsv JaVaSCr/.
4| cURL files Pytho,, D{o(/@
(AN
JON Python
files [T |Pre-processing[T= Mongo DB
-

Figure 5.1: Social Media Lab collection, processstgrage, and analysis system.

B.iii: Social Media Lab search term list

12d 17nov 30n

150 1percent 53percent
150ct 29oct 5nov

17n 2nov 99percent
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acampadamataro
acampvalladolid
acampvalladolid
acorn
banktransferday
bofa

cabincr3w

d21

frankietease
generalstrike
ioccupy
ioccupyoccupyashland
k8 revolution
lakajo97
louderthanwords
moveyourmoney
nl7

n30
needsoftheoccupiers
nov17

nov2

nov30

novs
occopywmpt
occuponsmontrea
occupy
occupy_albanyny
occupy_boston

occupy_okc

occupy_ottawa
occupyaarhus
occupyabilene
occupyadelaide
occupyafrica
occupyafrical
occupyakron
occupyalbany
occupyalbanynyl
occupyallentown
occupyamsterdam
occupyanchorage
occupyannarbor
occupyappleton
occupyarcata
occupyarizona
occupyarkansas
occupyarrests
occupyashland
occupyashlandky
occupyaspen
occupyastoria
occupyathens
occupyathensga
occupyatl
occupyatlanta
occupyatlanticcity
occupyatlcity

occupyauburn
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occupyaugusta
occupyaurora
occupyaustin
occupybOulder
occupybaltimore
occupybhgrove
occupybkny
occupyboise
occupyboston
occupyboulder
occupyboulderco
occupybrisbane
occupybrussels
occupybucharest
occupybuffalo
occupycarsoncty
occupycc
occupycha
occupychi
occupychicago
occupychucktown
occupycincinnati
occupycincy
occupyclarksuvil
occupycleveland
occupycolumbia
occupycosprings
occupycu

occupycville



occupydallas
occupydc
occupydelaware
occupydenhaag
occupydenmark
occupydenver
occupyearth
occupyeugene
occupyflorida
occupyfm
occupyfortmyers
occupyftcollins
occupygtown
occupyhardford
occupyhartford
occupyhouston
occupyhsv
occupyhumboldt
occupyindy
occupyisu
occupyitaly
occupyjax
occupykeene
occupykelowna
occupykingston
occupyla
occupylansing
occupylasvegas

occupylausd

occupylondon
occupylsx
occupymadison99
occupymartnsbrg
occupymemphis
occupymia
occupymilwaukee
occupymn
occupymontrea
occupynashville
occupynewportor
occupyn;j
occupyns
occupyoakland
occupyobise
occupyokc
occupyomaha
occupyorlando
occupyorlandofl
occupyottawa
occupypei
occupyphoenix
occupypics
occupyportland
occupyprov
occupyquebec
occupyraleigh
occupyredlands

occupyrichmond
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occupyroanokeva
occupyrockford
occupysacto
occupysalem
occupysananto
occupysanjose
occupysantacruz

occupysarasota

occupysarasotaoccupysanj

ose
occupysaskatoon
occupysb
occupysd
occupyseattle
occupysenhaag
occupyslc
occupysr
occupystaugust
occupystl
occupytampa
occupythemedia
occupytoronto
occupyuegd
occupyukiah
occupyvermont
occupyvictoria
occupywallst
occupywallstnyc

occupywallstreet



occupywinnipeg oct29 rebuilddream
occupywmpt 00 storydoula
occupywv S strike

occupyyakima

owslosangeles

tokumtorgin

occupyyeg owsspacecoast usdor
occupyyork perversmas wearethe99
occypyftcollins guimbanda

Appendix C: Example JSON tweet

Twitter's Streaming API returns tweet data in J8e¢aipt Notation Object (JSON)
format. Below is an example of one entire tweettatus update, collected from the streaming
API. This tweet is also a retweet, which means tinatentire origin tweet is embedded in it. This
example tweet is a modified tweet: the contentseofain fields anonymize the tweet.
For convenience, the following formatting has badded to highlight certain parts of the
data:
e Fields used in the analysis are in bold and unuudlli
e The text of the metadata associated with a ussriosed red.

e The embedded retweet is set on a grey background.

“_id” : Objectld(*50f6616854b450b3cel”),

“contributors” : null,

“truncated” : false,

“text” : “RT @someperson: some tweet text #aHashTa g http://t.co/someurl”,

“hashtags” : [‘aHashTag"],
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“text_hash” : “9a04f77e5883ed69cdOelae67a7dl”,
“in_reply_to_status_id” : null,
“counts” : {
“user_mentions” : 1,
“hashtags”: 1,
“coded_urls”: 0,
“urls” 1 1
2
“id” : NumberLong(“131050009612078080"),

“codes” : [],
“source” : “web”,
“retweeted” : false,
“coordinates” : null,
“entities” : {

“user_mentions” : [

{
“id_str” : “197999360",
“id” : 107010360,
“name” : “Almost Home”,
“screen_name” : “Almost_Home”
}
“hashtags” :

{“text” : “aHashTag"}
“urls” :
{
“url” : “http://youtu.be/imkOCwgU2ms”,
“expanded_url” : “http://youtu.be/imkOCwguU2ms”,
“display_url” : “http://youtu.be/imkOCwgU2ms”
}
2
“in_reply_to_screen_name” : null,

“id_str” : “73705797967207878”,
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“track_kw" : {
“mentions” : [],
“hashtags” : [*aHashTag"],
“text” : [1]

h

“retweet_count” : 1,

“in_reply_to_user_id” : null,

“favorited” : false,
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“user” : {
“follow_request_sent” : null,
“profile_use_background_image” : true,
“id” : 3000300010,
“verified” : false,
“profile_image_url_https” : “<<cut for space>>",
“profile_sidebar_fill_color” : “DDEEF6”,
“is_translator” : false,
“geo_enabled” : true,

“profile_text_color” : “333333",

“followers count” : 195 ,

“protected” : false,

“location” : “home”,
“default_profile_image” : false,
“id_str" : “387369210",

“utc_offset” : -21600,
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“statuses_count” : 12318,

“description” : “<<cut for space>>",
“friends_count” : 0,

“profile_link_color” : “0084B4",

“created_ts” : ISODate(“2011-10-08T23:02:292"),
“profile_image_url” : “<<cut for space>>",
“notifications” : null,

“show_all_inline_media” : true,
“profile_background_image_url_https” : “<<cut for
“profile_background_color” : “CODEED”,
“profile_background_image_url” : “<<cut for space
“screen_name” : “someperson”,

“lang” : “en”,
“profile_background_tile” : false,
“favourites_count” : 0,

“name” : “some name”,

“url”:

“created_at” : “Sat Oct 08 23:02:29 +0000 2011",
“contributors_enabled” : false,

“time_zone” : “Central Time (US & Canada)”,
“profile_sidebar_border_color” : “CODEED”,
“default_profile” : true,

“following” : null,

“listed_count”: 13

“geo” : null,

“in_reply_to_user_id_str": null,

“possibly_sensitive” : false,

“created_ts” : ISODate(“2011-10-31T17:20:312"),

“created at” : “Mon Oct 31 17:20:31 +0000 2011

“in_reply_to_status_id_str” : null,

“place” : null,
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“mentions” : [ “someperson” |
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Appendix D: Inferring and measuring the flow path

This appendix provides details on the use of them&osRodriguez et al. (2010) method
for inferring the path of information diffusion atige use of social network analysis centrality
measurement, referred to as closeness centrahz#tioneasure the path of the flow. For each
RTE, the method infers the path, and then closeressalization captures the degree to which
chains exist in the flow. In other words, closenesstralization is used to capture both the
number of chains and the height of the tallestisgdree.

Gomez-Rodriguez et al. (2010) note that while rimfation diffusion typically happens
on a network, researchers are often unable to vbske actual path of the flow. However,
attributes of the node are observable, such asntleea node has been infected (shared
information), or, in the case of this study, therusame and the number of each user's followers.
The purpose of their work is to discover the ungded social network over which the diffusion
happens. To accomplish this, they model a largebenrofcascades, or individual information
flows, and then find the most likely underlyingwetk based on the modeled cascades. They
model the cascades themselves using a maximunhtikel method, which this study also
employs to model the paths of flows in the RTEs.

For each retweet in an RTE, a square matrix cosithie number of rows and columns
equal to the number of users involved in the RT&end, ordered by the timestamp of when they
retweeted (or tweeted in the case of the initiafdhe event), form the labels of the rows and
columns. The label of the first row and columnhis initiator of the RTE user name, while the
label of the last row and column is the last usaetweet in the RTE window. The cells contain

the difference in time between users (see tablg DHis results in negative numbers below the
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diagonal and zeroes along the diagonal, thougheseran also exist in cases where the

timestamps are identical.

A B C D E

A 0 1 2 2 4

B -1 0 1 1 3

C -2 -1 0 0 2

D -2 -1 0 0 2

E -4 -3 -2 -2 0
Table D.1: example time difference matrix

Next to be applied is the wait time distributioror@ez-Rodriguez et al. (2010) find that
using either a power-law or an exponential distidoufor the wait times performs equally well
at discovering links in their simulated networkalathis study employs the power-law, with the
shape parameter (alpha) set to 2 (shown in thetieguaelow), which is consistent with Gomez-

Rodriguez et al. Taking the inverse of the timéedénce raised to alpha yields the probably for

each given time difference in the matrix.

P(A) o< 1/yq

The values on and below the diagonal are zerodigate that there is zero probability
that someone retweets themselves in a RTE. Theval and below the diagonal are zero to
indicate that there is zero probability that soneeoan retweet someone who retweets after
them. The resulting matrix contains an upper trii@amghere the cells indicate the probability that
the user labeled by the column retweeted the unserated by the row. The maximum value in

each column is identified, and the row label fatthalue represents the row-user for whom the

column-user is most likely to have retweeted.
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This is the extent to which Gomez-Rodriguez ef2010) model cascades. They do note,
however, that the model can be made arbitrarilyplarated to capture attributes of the user of
the information. In the context of this study,streasonable to assume that if two users retweet
the same message, all else being equal, the ohenwite followers is more likely to trigger
additional retweets. This is particularly true hesmsome users have very high numbers of
followers. For example, when Russell Brand, an Bhgtomedian and actor with the twitter
handlerustyrockets, retweeted one of OccupyWallSt’'s tweets, he hd83361 followers.

Figure D.1 shows a second small peak directly Yalg the rustyrockets retweet.

OccupyWall=t, alpha 1.66 (p=0.021)
4 7 Delta Followers 884, n=465
fib) L]
=T =z
5 g
S o 3
o o =
i
&
L]
| | | | | | |
0 20 40 60 80 100 120

2011-11-17 18:54:22 _ _ _
fime In minutes

Figure D.1: Example RTE with a pronounced secorikesfikely due to a retweet by a celebrity withmya

followers.

A new matrix captures the large follower effect ameludes it in the model. This matrix
weights sending users (the rows) by the propoxidiollowers, and then completes a cell-by-

cell multiplication with the time difference matriRividing a user’s number of followers by the
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sum of all user’s followers results in the propamtiof followers. Each cell in a user’s row

contains their proportion of followers (see tabl@)D

A B C D E
A .012 .012 .012 .012 012
B .00003 .00003 .00003 .00003 .00003
C .004 .004 .004 .004 .004
D .00005 .00005 .00005 .0000% .00005
E .00002 .00002 .00002 .00002 .00002
Table D.2: example follower proportion matrix

When the cell-by-cell multiplication of the followgroportion matrix and wait time
matrix is accomplished, each cell in the resulpngbability matrix contains the probability that
the column user retweeted the row user for that Eef the maximum value in each column,
that value’s row label represents the row-user whmercolumn-user is most likely to have
retweeted.

This matrix is transformed so that the cell whie maximum value for each column is set
to one, and all other cells in that column aret@etero. One can conceptualize this matrix as a
directed network where a cell value of one indisdhat the column user retweeted the row user;
the matrix, then, is the inferred information flefithe RTE. These networks are all tree
topologies with the root node, or start of the titesng the user who initiated the RTE.

To measure the extent to which the tree is motessr star-likecloseness centralization
(Wasserman and Faust 1994) of the network is caled] Closeness centralization is a network-
level measurement based on a node-level centraysurement calledloseness centrality or
closeness. Closeness centrality finds the geodesic distamrcshortest path, between a given
node and all other nodes. Closeness is the ineéte average geodesic distance to all other
nodes. The maximum value of 1 occurs for an indiaidhode when it is connected to all other

nodes.
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At the network level, closeness centralizatiorches its maximum value of one in a star
graph, when one node is connected to all othersioldee minimum value of zero only occurs in
circular networks, were the geodesic is the samalf@ctors. Such a configuration is not
possible for the inferred hierarchical tree grapbsause the root node never receives an in-link.
In other words, the directed hierarchical naturéhefnetwork prohibits a closeness
centralization of zero. However, closeness cez@tibn tends to decrease when the tree includes
more and longer chains (becomes less star-likeggime distribution of geodesics becomes more

varied (see figure d.2).

133



Example gaph 1 Example gaph 2 Example gaph 3

Chains: 0 Chains: 1 Chains: 2
Longest chain: NA Longest chain: 2 Longest chain: 2
Closeness (out): 1 Closeness (out): 0.95 Closeness (out): 0.904
Example gaph 4 Example gaph 5 Example gaph 6

/NN /
A ;
|| s

Chains: 10 Chains: 9 Chains: 1
Longest: chain 2 Longest chain: 4 Longest chain: 20
Closeness (out): 0.648 Closeness (out): 0.585 Closeness (out): 0.023

Figure D.2. Example networks with closeness cemisbn measurements.

How good is closeness centralization at measuhegtar-likeness of RTE paths? Figure
D.3 shows the scatter plots and correlations cfeztess centralization with both the longest path
and the number of chains. While the plots indicateved relationships, they also suggest that for
inferred tree networks, closeness centralizati@nisffective proxy for both the length and

number of chains.
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Correlation: —0.71 (df: 427) Correlation: —0.36 (df: 427)

95% CI: -0.76, —0.66 95% Cl. -0.44, -0.27
< o
g Q % a
a G
o)) -
= | I i 5 Q | =] |
0.2 06 0.2 0.6
closeness closeness

Figure D.3. Relationships between closeness c&dtian and both path length (left) and numberathp (right).

Teng et al. (2012) use a Gini coefficient for aifampurpose. They measure the
changing structure of networks by comparing the Goefficient for the undirected degree
distribution of a network at different points ime. Since the Gini coefficient of a star network
topology is 1, they equate the Gini value as meagurow star-like a network is. Unfortunately,
the Gini coefficient used with the inferred RTEwetks performs poorly for capturing the
length and number of chains. The correlation fer@ini coefficient and the longest paths is -
0.22 (%95 CI -0.31, -0.13; df 427), and for the i@wmefficient and the number of chains the
correlations is 0.35 (%95 CI1 0.27 0.43; df 427)dAdnally, the Gini coefficient is related to the
number of chains positively and the length negatjwehich makes interpretation difficult.

Note that an important limitation of the inferneetwork model is that it assumes that
there no gaps in the flow, that, in effect, evegyamthe path network is connected to everyone
else. Thus it fails to capture cases where somsearching for a hashtag runs across a tweet and
retweets it without being connected to anyone dfssuch a case, the user’s retweet will be

assumed to have been retweeted from a user basbhd ores discussed above.
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Appendix E: Example Comparison Retweet Network

#OccupyOakland retweet network
data: civit_nets/'dat'caklandRTs b

layout: kamada. kawai

Flot size: §30:x700

nodes: #DF411CF0, links: #000000A4
2011-10-15 18:18:42 - 2011-10-25 17:45:00
Plot largest component: FALSE

Straight mutual edges: FALSE

48933 nodes, 8281 edges, 4793 clusters, 3 largest:137,2,2
20 diameter, 0.000339545859385457 density

Farthest nodes: jdh322, Covlin, JoshFromerd4REAL
layout time: 591.48 seconds
Plot time: 18.58 seconds

i
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#BankTransferDay retweet network S e e
data: civit_nets'dat’banksR Ts. bt Doy USA 2
layout: kamada. kawai rEeiTion_imee 2
Flot size: §30:x700 TheySmesmaip: 2
nodes: #228200C8, links: #87TEABRCE
20111012 12:07:19 - 2011-10-25 19:51:30
Plot largest component: FALSE

Straight mutual edges: FALSE

834 nodes, 744 edges, 832 dusters, 3IargEL2’2’[”+ + o

+ + + o
.,
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