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ABSTRACT
Online social networking websites such as Twitter and Face-
book often serve a breaking-news role for natural disasters:
these websites are among the first ones to mention the news,
and because they are visited by millions of users regularly
the websites also help communicate the news to a large mass
of people. In this paper, we examine how news about these
disasters spreads on the social network. In addition to this,
we also examine the countries of the Tweeting users. We
examine Twitter logs from the 2010 Philippines typhoon,
the 2011 Brazil flood and the 2011 Japan earthquake. We
find that although news about the disaster may be initiated
in multiple places in the social network, it quickly finds a
core community that is interested in the disaster, and has
little chance to escape the community via social network
links alone. We also find evidence that the world at large
expresses concern about such largescale disasters, and not
just countries geographically proximate to the epicenter of
the disaster. Our analysis has implications for the design of
fund raising campaigns through social networking websites.

1. INTRODUCTION
Online social networking websites such as Twitter and Face-
book often serve a breaking-news role for natural disasters:
these websites are among the first ones to mention the news,
and because they are visited by millions of users regularly
the websites also help communicate the news to a large
mass of people. We examine Twitter logs from the 2010
Philippines typhoon, the 2011 Brazil flood and and the 2011
Japan earthquake to examine how news about these disas-
ters spreads on the social network. We notice that although
the news is seeded in different disjoint parts of the network,
it very quickly cumulates into a giant connected component
that comprises more than 90% of the users tweeting about
the disaster. Further, the connected component closes on
itself quickly and does not provide outreach to a larger set
of users who may be following the tweeting users. This indi-
cates that although news may be initiated in multiple places

it quickly finds a core community that is interested in the
disaster, and has little chance to escape the community via
social network links alone. We also examine the countries of
the Tweeting users and find that they span the entire world,
giving contradicting evidence that the global village actu-
ally does express humanitarian concern and Twitter may not
be helping transcend geographical boundaries to the extent
that is often hyped in media. We believe our work therefore
has significance in the design of news and fund raising cam-
paigns on social networking websites that information may
not naturally diffuse via social links to prospective donors
but may have to be artificially seeded among users in differ-
ent countries.

2. DATASETS
We used Twitter logs to find patterns about the spread of
news and its geographical area of concern. We collected
data for three types of natural disasters: a typhoon, a flood,
and an earthquake. Table 1 shows the disasters which have
been analyzed in this paper. For every disaster we collected
event specific streams (every tweet containing words for the
disaster name and the country where it happened).

By using the Twitter REST API, we constructed follower
social networks for the users who were present in the data
sets. Table 2 shows the various structural properties of the
follower network for the data sets. Interestingly, despite the
different nature and scale of the disasters under considera-
tion, various structural properties remained the same.

In the next two sections, we examine the geographical spread
of concern, and the dynamics of diffusion on social networks
for natural disasters.

3. SOCIAL SPREAD OF NEWS
We use the ‘Typhoon Philippines’ and the ‘Brazil Flood’
data sets to examine how news about natural disasters spreads
on the social network. We divided each data set into n data
points, where the i

th data point consists of the cumulative
number of tweets posted and the number of corresponding
users until the ith hour. For each data point we constructed
the authors follower network as mentioned in [2].

Figures 1 and 2 show the fraction of nodes at any point
of time in the largest connected component for ‘Typhoon
Philippines’ and ‘Brazil Flood’ data sets respectively. We
observe that the largest connected component quickly gains



Table 1: DataSets

Data Set Number of Tweets Total Users Query Terms Duration

Typhoon Philippines 5500 3255 Typhoon, Philippines 19th October, 2010 to 21st October, 2010

Brazil Flood 15859 9488 Brazil, Flood 14th Jan, 2011 to 28th Jan, 2011

Japan Earthquake 4436495 2006455 Japan, Earthquake 11th March, 2011 to 24th March, 2011

Table 2: Follow Network Properties

Data Set Number of Nodes Number of Edges Diameter Average Path Length Edge Density
‘Brazil Flood’ 4991 31609 14 4.67 0.001
‘Typhoon Philippines’ 1756 6158 13 4.63 0.002

Figure 1: Fraction of nodes in largest connected

component in ‘Typhoon Philippines’ data set

Figure 2: Fraction of nodes in largest connected

component in ‘Brazil Flood’ data set

Figure 3: Modularity for ‘Typhoon Philippines’ data

set

more than 90% of users in both the disasters.

Figures 4 and 3 show the modularity values with time for
the ‘Brazil flood’ and ‘Typhoon Philippines’ datasets respec-
tively. For both the disasters, the modularity first rises and
then drops and saturates. This seems to be because peo-
ple get to know about the disasters from different informa-
tion sources and starts posting about it, but as more and
more followers start posting then gradually small compo-
nents merge and increase the modularity. Eventually how-
ever the modularity settles down to a constant value indicat-
ing that new people added to the component may already
be sharing a tightly knit community with others in the com-
ponent.

Finally, we also define a new quantity called reach. Reach at
any point of time is a measure of the spread of information
about the disaster, defined as the count of people posting
about the disaster and their one hop neighborhood. Fig-
ures 5 and 6 show the reach and the number of users who
have posted until that time. We see that the reach rises
rapidly in the beginning and gradually saturates, indicating
that new users are added rapidly but additions slow down
eventually. More interestingly, the reach finally merges with
the number of users, indicating the component closes on it-



Figure 4: Modularity for ‘Brazil flood’ data set

Figure 5: Reach and No of Users posted till that

time in ‘Typhoon Philippines’ data set

Figure 6: Reach and No of Users posted till that

time in ‘Brazil flood’ data set

Table 3: Number of users with valid locations
Data Set Total Users Users With

Valid Location
‘Brazil Flood’ 9488 6378

‘Japan Earthquake’ 2006655 1302787

Figure 7: Users Distribution for Brazil Flood

self.

From the above observations we claim that disjoint com-
munities on the social network quickly merge together into
a giant connected component (Figures 1 and 2, Figures 4
and 3), but the component is poorly connected with the
rest of the network (Figures 5 and 6).

4. GEOGRAPHICAL SPREAD OF CONCERN
We use the ‘Brazil Flood’ and the ‘Japan Earthquake’ data
sets for analysis in this section. We extracted user location
from their profile information on Twitter. Although a study
[1] indicates that only 66% of Twitter users specify a valid
location, we feel that the sample distribution is random and
representative of actual user participation.

Figures 7 and 8 show the user distribution on a world map.
We can see from the two figures that people concerned about
the disaster are spread all across the world. Countries from
Europe and North America, and Australia are common in
both the disasters. There are a few differences among Asian
countries though, for example, the users from China did not
post about the flood in Brazil but did mention the Japan
earthquake, which is quite interesting to observe.

Figure 8: Users Distribution for Japan Earthquake



From the above observations, we can conclude that several
countries and those not necessarily geographically proximate
to the disaster region, do express concern on Twitter about
the disasters.

5. RELATED WORK
In [4] Barabasi et al. study evolution of the collaboration
network. In another paper, [7] Duncan et al. study evolu-
tion of the email network of a large university. They found
that the aggregate network properties appear to approach an
equilibrium state, whereas individual properties are unsta-
ble. In our work, we study the evolution not of the network
itself, but of the component users interested in a particular
event.

Significant research has been conducted on content analy-
sis of information discussed on social media sites. Grinev
et al. [6] demonstrate TweetSieve, a system that obtains
news on any given subject by sifting through the Twitter
stream. Along similar lines, Twinner by Abrol et al. [3]
identifies news content of a query by taking into account
the geographic location and the time of query. Go et al. [5]
exploit the fact that people use emoticons to express their
sentiment on events happening around them, and show that
tweets that have positive or negative emoticons attached as
labels are an effective way for distant supervised learning.
We have not done detailed content analysis of the tweets,
but have only considered tweets matching a specific topic.
We do plan to do deeper analysis in the future.

Information diffusion on social media has also been studied
in several contexts. Yang et al. [8] and [9] Zhao et al. have
proposed information diffusion models for social media based
on users influencing other users. We have not done any
predictive work on the direction of information propagation
and influence, but feel that our analysis can be utilized in
several applications. For example, in the design of fund
raising campaigns, the closing of the giant component on
itself indicates that information may not naturally diffuse
via social links to different parts of the social network, but
may have to be artificially seeded in different parts of the
graph.

6. CONCLUSIONS
In this paper, we investigate the dynamics of diffusion of
information on social networks and the spread of concern in
the world about natural disasters. We notice that although
news is seeded in different disjoint parts of the network, it
very quickly cumulates into a giant connected component
that comprises more than 90% of the users tweeting about
the disaster, and the component closes on itself by remaining
disconnected with the rest of the Twitter network. We also
examine the countries of the Tweeting users and find that
interest spans the entire world.
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