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Medium, 10.5% (19,397), and high followers, 1.7% (3,147), follow between 3-9 and 10-49 organizations 
respectively. Accounting for only 0.1% or 165 of all users, extreme followers curate 50+ organizations within 
their social network, such as one user who follows a total of 139 local organizations. This following distribution 
indicates, on one hand, ahighly embedded minority of users (medium-extreme followers) receiving multiple 
information streams within the community and, on the other, a weakly embedded majority (unique-low 
followers) that directly receive information from only one or two organizations. 

Looking to the categories of organizations users follow points to important differences in what kind of 
organizations people choose to curate within their social networks, receive information from, and thereby 
different positions of embeddedness within the local information infrastructure (Figure 2). Comparing unique 
followers to high and extreme followers, for instance, reveals a stark contrast in their curation of media 
organizations (see Figure 2). Among the 139,440people who only follow one local organization, over106,000-
58% of all users- follow one of 32local media organizations. In contrast, medium, high, and extreme followers 
curate multiple and more diverse organizations within their social networks. Among high and extreme 
followers, citizens’ associations and public services account for approximately 40% and 50%, respectively, of 
the organizations curated within their social networks. These distributions indicate that local citizens are 
differently positioned within the local information infrastructure, that is, different segments of the community 
receive information from different sets of local sources. Thusa minority of highly embedded users follow more 
organizations and receive a different variety of local information from a balance of media and business 
organizations, and civic offices and volunteer groups. On the other hand, a majority of weakly embedded users 
follow few organizations and of less variety, with most receiving information only from local newspapers, radio 
stations, or telelvision sources.

Figure 2. Proportion of Community Assets Followed by Each Type of Local Information Recipient.

Evaluation of Followers’ Location

Next, we evaluate the location information of people who follow local organizations in order to understand the 
relationship between information curation behavior and a user’s location. That local citizens will tend to follow 
and receive information from organizations in the geographic area in which they live motivates ST as a method 
for identifying local citizens. In order evaluate this assumption we use the location information users include in 
their Twitter profile to better understand the location of people following local organizations and how this might 
vary according to the number of organizations they follow (Table 2). Of the 185,176 users following a local 
organization, 43% include an identifiable location in their profile. Among those with location information, 91% 
are local to the state, and 68% identify their location within the municipality. Altogether, we find that 72,638 
followers, or 29% of all users following a local organization, are local citizens of the city.

Differences, however, appear among followers at different levels of embeddedness within the local information 
infrastructure. That is, depending on how many local organizations a user follows, we observe differences in the 
availability of location information and the proportion of followers who identify as living in the local 
community. First, among unique followers we find only 41% to have included an identifiable location on their 
Twitter profile. In comparison, 68% of high followers and fully 88% of all extreme followers included profile 
locations. Significantly, in the locations identified among these users, we find that nearly all followers who 
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include location information on their profile are located in state (91%), and 68% identify as local to the 
municipality itself. Moreover, among high and extreme followers who include profile locations, 84% and 98%, 
respectively, identify as local citizens.  
 

Table 2. Evaluation of Follower Geographic Locations 

Orgs. Following Total Users Users Located %  In State %  In City (25km) %  

Extreme (50+) 165 146 88% 146 100% 143 98% 

High (10-49) 3147 2142 68% 2058 96% 1809 84% 

Moderate (3-9) 19397 10404 54% 9755 94% 7361 71% 

Low (2) 23027 10530 46% 9796 93% 7064 67% 

Unique (1) 139440 56756 41% 50883 90% 37788 67% 

Total 185176 79978 43% 72638 91% 54165 68% 

Among all users     72638 39% 54165 29% 
 
Lastly, we mapped the profile location information included by users using Google Fusion Tables and Google 
Maps (Figure 3). Separately mapping the self-identified locations of users at different levels of embeddedness in 
the local information infrastructure, dramatic differences in the geographic dispersion of users’ locations 
become revealed. Among unique and low followers, users identify locations spanning around the globe. For 
instance, a follower of a local bar indicates in his profile that he is from Iraq, while a baseball-related twitter 
account in Cuba follows the local minor league baseball team.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Geographic dispersion of followers identified by ST 

In contrast, the user locations of moderate and high followers are less dispersed and remain concentrated at the 

 
Profile locations among all followers concentrate at 
the local and state level, however, locations of unique 
(top left) and low (top right) followers are dispersed 
internationally. Moderate (center left) and high 
followers (center right) are dispersed across the 
contiguous US, while extreme followers (bottom left) 
remain in-state and highly local. 
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state and regional level, although many locations are indicated throughout the United States. Among extreme 
followers, all identify their location within the local municipality except two whose location remains in-state 
and within 200km. While the presence of a major public university with a large international student population 
likely accounts for many of the internationally-dispersed user locations, the locations of users outside the 
municipality become less dispersed and more regionally concentrated among those who follow multiple local 
organizations. 

Description of Local Information Curation Behaviors 

Figure 4 displays the co-following network structure of the 195 local organizations who share a link if they are 
followed by the same Twitter user. The network is very dense, wherein 96.6% of all possible ties are present, 
and has a low overall degree centralization at only 3% of the network being centralized around a few nodes. 
This network is very tightly bound with a network diameter of two and the average distance between any two 
nodes is 1.034. While many whole network measures of the network are not very descriptive of distinguishable 
measures in the network, a weighted measure of centrality shows that the whole network homophily E-I index 
among organizations links by same organizational type is 0.6892. In an exploration of the one-mode 
representation of the local information infrastructure divided by local information recipient types found 
similarly high densities with low diameter. This indicates that by the methods used in this analysis, this 
community appears to have very little fragmentation in its information infrastructure. 

   
Figure 4. Sociogram of 1-mode affiliation matrix of local organizations (colored by organizational 
categories). 

 
The next phase of this work was to utilize homophily scores for individual categories to develop an attribute-
based model of structuration weighted by overlapping same category ties, which is displayed in Figure 5. As 
seen below, Civic Services (such as the local police department and bus) is the organization type with the most 
followers. Civic Services weakest links are to entertainment, followed by the media. Citizens’ Associations is 
the organization type with most overlap in followership with other organizational types, in some ways placing it 
at the center of the information infrastructure of the community. Although Citizens’ Associations display strong 
ties to most categories, its weakest link was to Entertainment, followed by Media. Comparatively, the 
Entertainment category had relatively weak ties to most categories. In a comparative analysis among the types 
of local information recipients, Twitter users in the extreme and high categories produce a similar information 
infrastructure, whole those in low and moderate categories produce an information infrastructure that displays 
strong ties among citizens associations and all other categories, as well as moderately strong tie among bars and 
emergency services. By virtue of this methodology, individuals in the unique category do not produce links 
among organizational types. 
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Figure 5. Attribute-based Model of Structuration of Community Assets (Labels sized by number of 
followers; ties weighted by co-followership). 

DISCUSSION AND CONCLUSION 

In the exploratory study we present, we find evidence to support the underlying assumption of ST: that local 
citizens tend to curate their social networks around organizations in their geographic area. Among the 79,998 
users following a local organization in the particular city situating our study, and for whom we have location 
information, we find that fully 68% identify themselves as local citizens. Moreover, the more local 
organizations a user follows the more likely they are to identify as local citizens. For followers who have 
curated only one or two local organization in their social network, 44,885 or 67% identify as local citizens. This 
increases for those who follow 3-9 organizations (71%), 10-49 organizations (84%), and among those following 
50 or more organizations, 98% identify as local. 

Moreover, by identifying local citizens as information recipients, we find that users following local 
organizations on Twitter differ with respect to their level and position of embeddedness within the community 
information infrastructure. Local media accounts on Twitter, including television, radio, and news organizations, 
feature the most followers among the categories of local organizations we catalogued. However, the vast 
majority of users following only one or two local organization on Twitter (160k+) disproportionately curate 
media organizations within their social networks. Thus we see local citizens within this majority as information 
recipients weakly embedded within the local information infrastructure, and positioned so as to receive 
information predominantly from local media sources. 

Additionally, we identify a sizeable minority of users (20k+) who curate their social networks to follow multiple 
and various kinds of local organizations on Twitter, to include not only media accounts, the most followed 
organizations in the community, but more citizens’ associations and civic organizations relative to the majority 
of weakly embedded citizens. Thus we see this minority of moderate, high, and extreme follower as information 
recipients strongly embedded and distinctly positioned in the information infrastructure of the community. 

We thus see value in developing ST for community preparedness and resilience-building to better map the 
information infrastructures existing in local communities in order to support local emergency communication 
planning. For the city in which we deployed ST, for instance, the Twitter accounts of emergency services 
collectively have a total of 16k followers. Among these, the municipal police department, which routinely posts 
public updates of crime and traffic incidents, has the most (8k). In comparison, the two local television stations 
and newspaper each have over 15k followers. Through the analysis of user curation behaviors, the followers of 
these organizations occupy different levels and positions within the information infrastructure of the 
community. 

In the case of emergency situations, however, civic and emergency services will be called on to disseminate 
important public warnings and situational updates. Previous studies find that municipal governments and 
emergency managers often lack guidelines for emergency communications planning guidelines that might result 
in effective social media dissemination strategies (Huston et al., 2015; Rice and Spence, 2016). ST stands to 
inform the development of general and community-specific guidelines for emergency communications. Our 
exploratory deployment of ST leads us to three preliminary conclusions about our method and the particular 
information infrastructure that we have studied. First, in our sample, local information recipients that only 
followed one unique category are more commonly users that live outside of the geographic area of interest. 
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When using ST to identify information that local citizens are sharing, their inclusion may be problematic, 
however, if using ST to push information to local citizens, this group should certainly not be eliminated, as they 
constitute the majority of identified local citizens despite being the least connected. Second, while the media 
may attract a great many followers, these followers may only be loosely embedded in the information 
infrastructure of their community and may not be aware of information shared by emergency services directly. 
Lastly, in this community, the followers of citizens’ associations appear to be highly embedded individuals and 
may be useful sources to seek information from during an emergency. 

LIMITATIONS AND FUTURE WORK 

These findings suggest ST holds promise for uncovering citizens in a geographic location and revealing the 
local organizations from which they receive information. However, important limitations must be considered 
that require future work. First, we acknowledge that additional parameters to refine the aggregated datasets of 
local organizations and followers will require further exploration. One limitation of this work is that despite our 
best efforts to identify local organizations using community directories, online search, and recommendation 
system suggestions, additional efforts must attempt to achieve more comprehensive catalogues of local 
organizations. The 195 local organizations used in this analysis are likely a non-comprehensive list of local 
organizations within the municipality on Twitter. Future research should focus on looking for organizations that 
may be fragmented from the primary information infrastructure. 
 
Second, our analysis only recognizes organizations as streams of community information, however, alternative 
or multiple information streams might be more appropriate. Social networks among local citizens remain 
absolutely critical as information channels on social media platforms. Moreover, we recognize that prominent 
individuals can be more influential than organizations in the creation and dissemination of information through 
social media. We see the concept of ST as suitable for cataloguing both salient citizens and organizations as a 
geographic “ground truth” in relation to which the location of users following these local personal or 
organizational accounts can be evaluated and inferred. 
 
Third, and lastly, our effort to ascertain users’ locations through the use of available profile location information 
requires further methods of evaluation. We see as an immediate opportunity the collection and analysis of 
geotagged tweets posted by users following local organizations. In this regard, users with geotagged posts might 
be identified as local citizens according to three separate localness metrics defined by Johnson, Sengupta, 
Schöning, and Hecht (2016): if the user posts tweets in the municipal locale at least n-days apart (n-days 
metric); if the majority of the user’s tweets occur in the locale (plurality metric);or if the geographic median of 
all the user’s tweets falls within the locale. These metrics could be compared among and between users 
following the same number of organizations as well as categories of organizations. Such an analysis would 
further our understanding of the relationship between user information curation behavior and geographic 
location. 
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