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Figure 1. Actor Type Distributions for Tunisia (left) and Egypt (right). 
 

 
We assumed that an organization’s Twitter account plays a different role than an individual 

account, often serving as the official voice of a group, company, or organization. We define organization 
accounts as the following: MSM, non-media org, Web news org, and bots (which, in many cases, are 
controlled by automated programs representing non-individual interests). All other actor types are 
considered individual accounts. In comparing organization accounts to individual accounts in our datasets 
(see Figure 2), we found that roughly 70% of the actors in each dataset are individuals.  
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Table 1. Twitter User Behavior: Number of Followers and Level of Activity per Type. 
 

 
 

To understand further how different actor types behaved, we looked at their tweet to retweet 
ratio (see Tables 2 and 3). This is an indication of how often different actors’ tweets are retweeted by their 
followers. We take this to be a measure of how well actors engage their audiences. At the low end of this 
metric are “other” users, who are able to elicit retweets approximately 30% of the time, compared to 88% 
for MSM accounts. Additionally, Twitter accounts of organizations (MSM, Web news org, and non-media 
org) have substantially higher retweet rates (i.e., flow sizes) than do individual accounts. 
 
 
 

Table 2. Chart of Flow Dynamics by Single Actor Types, as well as by Full Paths: Tunisia 
Dataset. 
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 Table 3. Chart of Flow Dynamics by Single Actor Types, as well as by Full Paths: Egypt Dataset. 

 
 
To understand the impact of actor types on the information flows, we look at two important attributes: 
source and size. An information flow’s source refers to the user who first posted the content. If we look at 
the distribution of information flows across source types, the differences in dynamics between the Tunisia 
and Egypt datasets are prominent (see Figure 3). 
 

              
          Figure 3. Distribution of Information flows by Source Type for Tunisia and Egypt.  
 
Note: Bars represent the number of threads (as a % of total threads) in each dataset that were seeded by 
an actor of the given type. 
 

International Journal of Communication 5 (2011)  The Revolutions Were Tweeted  1389 

 
We define an information flow’s size as the total number of participatory tweets, namely, tweets that are 
close copies or retweets of the information flow source (see Figure 4).  
 

           
                            Figure 4: Information Flow Sizes for Tunisia and Egypt. 
 
Note: Bars represent the median number of tweets in threads that were originated by an actor of the 
given type.   
 
 

When considering the Tunisia dataset, Figures 3 and 4 suggest that, while more journalists than 
bloggers served as sources for information flows in Tunisia, those flows started by bloggers were 
substantially larger in size. This suggests that bloggers played an important role in surfacing and 
disseminating news from Tunisia, as they had a substantially higher likelihood to engage their audience to 
participate, compared with any other actor type. Additionally, the Tunisia dataset showed less 
engagement from MSM, journalists, or activists, compared to Egypt. 

 
When looking at the Egypt data, there are very clear distinctions: MSM, journalists, and activists 

were much more engaged in information flows, serving as the main sources of flows much more than in 
the Tunisia dataset. Additionally, they drew larger participation from their audience, as measured through 
flow size. Meanwhile, although non-media orgs account for being the source of 5% of all flows (26 out of 
500), they had the largest average size, most notably a flow started by the official WikiLeaks account, 
which read: “WikiLeaks did "more 4 Arab democracy than decades of backstage U.S. diplomacy." 
http://bit.ly/iitGiF #egypt #tunisia.” 
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Sub-Flows 

In order to gain another dimension of understanding of the flow of information on Twitter and the 
relationship between actor types in our data, we examined what we call sub-flows. Each information flow 
is made up of multiple sub-flows. A sub-flow between user A and B (AÆB) exists if user B retweeted text 
that user A had previously posted.  

 
By collapsing every sub-flow within all chosen information flows, we see recurring patterns of 

retweet behavior among actor types. In the ten most common sub-flow paths between coded actors 
across both datasets, journalists, activists, bloggers, and “other” actor types are the most prominent (see 
Table 4). This reinforces the claim that, while organizational actors have larger followings on average, 
individual actors are much more likely to play an active role in information dissemination. 
 
 
            Table 4. Ten most Common Sub-flows for each Dataset (Tunisia left, Egypt right). 
 

 
 

In both datasets, journalists and activists serve primarily as key information sources, while 
bloggers and activists are more likely to retweet content and, thus, serve as key information routers. 
While there are substantially more journalists actively posting and reposting content about Egypt, the 
general retweet behavior between the two datasets is similar. In both datasets, journalist content tends to 
be re-posted frequently by bloggers, activists, and other journalists. 
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Summary	  



Summary	  

behavior in online contexts24, and large-scale analyses have validated
its effects on information diffusion on Twitter25.

Models of collective action have identified important network
mechanisms behind the decision to join a protest, but they suffer
from lack of empirical calibration and external validity. Online
networks, and the role that SNSs play in articulating the growth
of protests, offer a great opportunity to explore recruitment me-
chanisms in an empirical setting. We analyze one such setting by
studying the protests that took place in Spain in May 2011. The
mobilization emerged as a reaction to the political response to the
financial crisis and it organized around broad demands for new
forms of democratic representation. The main target of the cam-
paign was to organize a protest on May 15, which brought tens of
thousands of people to the streets of 59 cities all over the country.
After the march, hundreds of participants decided to camp in the
city squares until May 22, the date for local and regional elections;
crowded demonstrations took place daily during that week. After
the elections, the movement remained active but the protests
gradually lost strength and its media visibility waned (more back-
ground information in SI).

We analyze Twitter activity around those protests for the period
April 25 (20 days before the first mass mobilizations) to May 25 (10
days after the first mass mobilizations, and 3 days after the elections).
The data set follows the posting behavior of 87,569 users and tracks a
total of 581,750 protest messages (see Methods). We know, for each
user, who they follow and who is following them. In addition to this
asymmetric network, we also consider a version of the network that
only retains reciprocated – and therefore stronger – connections.
Previous research has suggested that Twitter is closer to a news media
platform than to a social network7; this research suggests that the
properties of the online network cannot be directly compared to
other social networks because of the prominence of broadcasters.
The symmetric (reciprocated) network mitigates the relatively higher
influence of these hubs of activity and retains only connections that
reflect mutual acknowledgement between users, which is arguably a
stronger proxy to offline relationships. Contrasting recruitment pat-
terns in both the asymmetric and symmetric networks allows us to
test whether the dynamics of mobilization depend on weak, broad-
casting links or on stronger connections, based on mutual recog-
nition. Our analysis of recruitment is based on the assumption that
users joined the movement the moment they started sending Tweets

about it. We also assume that once they are activated, they remain so
for the rest of the period we consider.

Results
By the end of our 30-day window, most users in the network had
sent at least one message related to the protest, with only about 2%
remaining silent (but still being exposed to movement information,
Fig. 1).The most significant increase in activity takes place right after
the initial protest (May 15), during the week leading to the elections
of May 22. Up to that point, only about 10% of the users had sent at
least a message related to the protests.

Activation times tell us the exact moment when users start emit-
ting messages, and allow us to distinguish between activists leading
the protests and those who reacted in later stages. We calculated, for
each user, the proportion of neighbors being followed that had been
active at the time of recruitment (ka/kin). This gives us a measure
that approximates the threshold parameter used in formal models of
social contagion, particularly those that incorporate networks17–18,22.
Activists with an intrinsic willingness to participate have a threshold
ka/kin < 0, whereas those who need a lot of pressure from their local
networks before they decide to join are in the opposite extreme
ka/kin < 1. Looking at the empirical distribution, most users in
our case exhibit intermediate values (Fig.2A). Although the distri-
bution is roughly uniform for almost the full threshold interval, there
are two local maxima at 0 (users who act as the recruitment seeds)
and 0.5 (users who join when half their neighbors already did). The
symmetric network has a significantly higher number of users with
ka/kin50 because it mitigates the influence of hubs or broadcasters
(i.e. users who do not reciprocate connections – about 7,000 in the
overall network – but who contribute to activate low threshold par-
ticipants, the ‘seeds’ in the symmetric network). The shape of the
distribution changes before and after 15 May, the first big demon-
stration day (Fig. 2B). Most early participants – i.e. users who sent a
message prior to the first mass mobilizations and to the news media
coverage of the events – needed, on average, less local pressure to
join, which is consistent with their role as leaders of the movement.
Because most activity takes place after 15-M, the threshold distri-
bution for the ten days that followed is not very different from the
threshold distribution for the full period.

The actual chronological time of activation changes across same-
threshold actors (see SI, Fig. S2); this variation is predictable given

Figure 1 | Fraction of recruited users over time. The vertical axis is normalized by the total number of users (87,569), the horizontal axis tracks the
number of activated users accumulated by hours. At the end of our time window the proportion of activated users is 98.03%, which means that the vast
majority of users sent at least one protest message during this month. Vertical labels flag some of the events that took place during the period.
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Your	  reflections…	  



Class	  Exercise	  



Traditional	  news	  organizations	  are	  often	  not	  
the	  main	  actors	  in	  the	  revolutions	  that	  were	  
examined.	  Why	  is	  this	  the	  case?	  



Lotan	  et	  al	  quote	  Shirky	  “Given	  that	  Twitter	  and	  other	  
social	  media	  tools	  can	  be	  leveraged	  to	  spread	  
information,	  Shirky	  (2009)	  has	  argued	  that	  social	  media	  
may	  have	  the	  potential	  to	  provoke	  and	  sustain	  political	  
uprisings	  by	  amplifying	  particular	  news	  and	  information”	  	  
	  
How	  much	  of	  an	  important	  role	  did	  Twitter	  play	  in	  the	  
Tunisian	  and	  Egyptian	  revolutions?	  



Relatedly,	  it	  is	  important	  to	  tease	  out	  
whether	  Twitter	  helped	  bring	  interested	  
parties	  together,	  or	  allowed	  interest	  to	  grow	  
in	  a	  community.	  What	  are	  the	  
methodological	  challenges	  in	  trying	  to	  
investigate	  this	  question?	  



The	  outstanding	  question	  remains,	  what	  is	  
the	  role	  of	  the	  average	  Twitter	  user?	  How	  can	  
such	  an	  ecosystem	  that	  allows	  users	  with	  
more	  authority	  to	  drive	  conversations,	  what	  
kind	  of	  provisions	  need	  to	  be	  made	  to	  have	  
the	  voice	  of	  the	  average	  user	  heard?	  



Lotan	  et	  al	  used	  the	  shingling	  method	  for	  
string	  comparison	  to	  identify	  information	  
flow	  patterns.	  What	  other	  alternative	  
mechanisms	  could	  be	  adopted	  to	  detect	  flow	  
of	  information?	  
	  



Lotan	  et	  al	  also	  identified	  many	  diverse	  actor	  
categories	  ranging	  from	  mainstream/non	  
mainstream	  media,	  bloggers,	  activists,	  
celebrities,	  political	  actors,	  researchers,	  bots,	  
digerati	  etc.	  Are	  these	  roles	  context	  
dependent?	  If	  so	  how	  and	  what	  implications	  
does	  it	  have	  in	  studies	  of	  Twitter?	  



Does	  the	  structural	  position	  of	  a	  user	  matter	  
in	  what	  role	  emerges	  out	  of	  their	  activity?	  
Discuss	  in	  the	  light	  of	  strong	  and	  weak	  ties.	  



Other	  than	  hand-‐coding,	  what	  could	  be	  
alternative	  ways	  of	  identifying	  actor	  roles	  on	  
Twitter?	  



Lotan	  et	  al.	  also	  noted	  that	  different	  actors	  
engaged	  differently	  with	  their	  audiences.	  
MSMs	  and	  journalists	  commanded	  high	  
response	  rates.	  Do	  you	  expect	  this	  to	  be	  
consistent	  across	  events?	  


