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ABSTRACT
The flow of information in online social media during events
has been widely studied in the computer science community. It has also been shown how information picked from
online social media can help to eventually aid eventful, especially, crisis situations in real life. However, most of the
work has focused on utilizing a single social network for monitoring such events, mostly Twitter. Given the immense
popularity and diversity of various online social networks
across the globe, studying multiple online social networks
during an event can reveal much more information about
the event, than a single online social network. In this work,
we present MultiOSN, a framework which collects data from
five different online social networks viz. Facebook, Twitter, Google+, YouTube, and Flickr, and presents real-time
analytics and visualizations. MultiOSN can be particularly
helpful to users and organizations which are directly or indirectly connected to law and order. Organizations can utilize
MultiOSN to uncover the general sentiment of social media
users about an event, and trace public gatherings for example, which are usually discussed and planned publicly on
social networking platforms.
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1.

INTRODUCTION

The popularity gain and reach of Online Social Networks
(OSNs) over the last few years has been exponential. Social
media services like Twitter, Facebook, YouTube etc. have
revolutionized the way people access information about realworld events. With over a billion monthly active users on
Facebook alone, 1 close to 20% of the world’s total population is already exposed to social media. At the same time,
1
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it is also very interesting to observe the diverse influence
that social media has had on this population. During the
2011 US earthquake 2 for example, a Twitter user tweeted
“Social media is faster than seismic waves!”, when he saw
a tweet from a friend (sitting in Washington DC) about an
earthquake, even before the earthquake actually hit his office at New York. 3 On the other hand, a recent news article
reported how Facebook users are likely to influence the elections in some states of India. 4
The above examples, along with countless more, depict
that social media is a rich source of information, and can
be used effectively to gain a lot of information in real-time,
especially during an ongoing event. However, most of the
existing work in the research community [4, 8, 10, 12] utilizes only a single social network to study an event; mostly
Twitter. We believe that studying multiple social networks
can reveal much more quality information about an event,
than a single social network. For example, Twitter has been
shown to predict elections [11], and Facebook has been used
as a medium for online campaigning [9]. There has also been
work to study diffusion of information from one social network to another [7]. But to the best of our knowledge, there
has been no work which leverages information from both
these networks to analyze the elections. To leverage this
information, we designed and developed MultiOSN, a web
service which collects data about an event from 5 different
online social networks, viz. Facebook, Twitter, YouTube,
Google+, and Flickr, and shows real-time analytics that can
be consumed directly by the end-users. The main motivation behind building MultiOSN is to collate the information
present across multiple social networks, and give a unified
view to the user, so that he / she can get a complete snapshot of the entire web of online social media at once. The
goal of MultiOSN is to provide a platform for data collection, analysis, and visualization during real-world events,
and help us to fill the gaps in the existing research work on
studying real-world events on social media.

2.

MultiOSN ARCHITECTURE

The high-level architecture of MultiOSN comprises of 4
main components viz. the control panel, the data collection
module, the database, and the online portal (Figure 1). The
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control panel is a password protected area used for starting / stopping data collection for new or existing events.
The data collection module is controlled using the control
panel. Starting data collection for an event triggers individual data collection scripts for all 5 social media (Facebook,
Twitter, YouTube, Google+, and Flickr). These data collection scripts collect data from their respective social media services’ APIs and stores them into a database i.e. the
database module. Five database tables, one corresponding
to each of the 5 social media, are created for each event, for
which data collection is started. Data for the last 24 hours
for all events is frequently processed and stored into separate cache tables, which makes analysis and visualization
of this data quick and real time. This data corresponding
to all events can be visualized through the online portal.
The portal is the main component of MultiOSN for the end
user, since it is responsible for generating all the analysis
and visualizations from the collected data.
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Figure 2: The MultiOSN analytics dashboard. Preliminary analytics contain sentiment analysis, geographical analytics, and post frequency over the past
24 hours.
in India and the middle-east (April 16, and May 1, 2013), the
Indian Premiere League (IPL) (April 3 - May 26, 2013), the
Bangalore Blasts (April, 2013), birth of the Royal Baby in
UK (July 15 - August 8, 2013), and floods in Northern India
(June 20 - August 8, 2013). The biggest source of information in MultiOSN in terms of number of posts is Twitter,
which accounts for over 65% of the total number of posts
in our current dataset of over 46 million posts across all 5
social media (Table 1).
Social Media
Twitter
Facebook
Google Plus
YouTube
Flickr
Total

User

Figure 1: High-level architecture of MultiOSN.
The online portal of MultiOSN has been built using PHP,
and jQuery, 5 and is dynamic (Figure 2). The portal generates and presents all the analytics on the home page by
querying the cache tables from the database module, which
have been implemented using MySQL. MultiOSN is live at
http://precog.iiitd.edu.in/tools/beta/multiosnportal.

MultiOSN FEATURES

In the current version, MultiOSN provides basic real-time
analytics for ongoing events, and static analytics for events
that have been tracked in the past. The events can be selected from a drop-down menu located at the top left on the
home page (Figure 2). The total number of posts for each
social media service, pertaining to an event, are displayed
at the top the page. Below the number of posts are the total number of URLs that are present in these posts. This
number is the total count, and not the number of unique
URLs. Apart from these numbers, other analytics include
sentiment analysis, geographical analytics, activity, and tag
clouds showing the most frequently discussed topics for an
event, over the last 24 hours.

3.1

Data description

Currently, MultiOSN has data for 17 events in total, including events like Boston Marathon Blasts (April, 2013),
Texas fertilizer plant explosion (April, 2013), Earthquakes
5
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No. of posts
> 31 million tweets
> 15 million posts
> 387k posts
> 100k videos
> 433k images
> 46 million

Table 1: Dataset statistics for MultiOSN (as on July
31, 2013)

3.2
3.

Storage space
> 50 GB
> 6.5 GB
> 1 GB
> 193 MB
> 350 MB
> 58 GB

Sentiment Analysis

The top left of the MultiOSN homepage (Figure 2) shows
a sentiment graph depicting the sentiment of the posts on
each social media during the past 24 hours. The sentiment
for all posts collected for an event during an hour are extracted separately, and aggregated to get the final sentiment
value for each social media. Hence, 5 sentiment values corresponding to the 5 social media being tracked, are calculated
each hour, and plotted on a percentage scale. Understandably, this value is also influenced by the number of posts on
a particular social media during a particular hour. For example, if there is only one post on Google+ about an event
during an hour, and the sentiment associated with this post
is positive, the graph would show a value of +100%. Figure 3
shows a screenshot of page containing the latest positive and
negative tweets for an event being visualized on MultiOSN.
This feature is part of the detailed analysis page.
Since more than half of the data in our dataset is Twitter
data, we decided to use the Sentiment140 sentiment analysis
tool [5], which has been built specially for detecting sentiment in tweets. We plan to work on improving the sentiment analysis for other social media in future. We intend to

quently occurring words are then used to generate a weighted
tag-cloud. 8 MultiOSN presents 6 tag clouds in all; i.e. 5
corresponding to the 5 social media services being tracked,
and 1 tag cloud which is generated by collating data from
all the 5 social networks together. This tag cloud depicts
the most talked-about topics across all the 5 social media
clubbed together.

Figure 3: The detailed analysis page containing samples of recent tweets that have been classified as positive and negative. The sentiment analysis is done
using the Sentiment140 tool.
do this by generating manually annotated training and test
sets for each social media separately, and use them to test
existing sentiment analysis and classification techniques.

3.3

Geographical Analytics

The geographical analytics help the user to visualize the
geographical source of the information on a world map. We
pull the last 1,000 posts from each social media service,
which contain location information in the form of a geographical co-ordinate (latitude, longitude), and plot these
co-ordinates on a world map using Google Maps API. 6 Each
point plotted on the map is color-coded according to the social media service it has originated from. Clicking on any
point reveals the post, and it’s source.

3.4

Activity

The activity graph is an hour-wise plot of the number
of posts on each social media against time, for the past 24
hours. As evident from the graph presented in Figure 2,
the number of tweets overpowers the number of Flickr images, Google+ posts, and YouTube videos by an enormous
margin. The number of Facebook posts are still comparable
with the number of tweets. MultiOSN also shows the live
feeds from all the 5 social networks at the lower half of the
homepage. These feeds contain the latest tweets, Facebook
posts, Flickr images, Google+ posts, and YouTube videos
that are being collected, in real time. Each feed has a feature to show more content, and to refresh the feed to load
the most recent content.

3.5

Tag clouds

The detailed analysis page contains the term-frequency
based tag clouds for all social media services (Figure 4),
in addition to the sample positive and negative sentiment
tweets, as discussed previously. The textual data present
across all posts from each social media service is accumulated, and subjected to tokenization, followed by frequency
distribution calculation using PHP. 7 The top 50 most fre6
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Figure 4: Weighted tag-clouds for the content
posted during the past 24 hours. These tag clouds
are dynamic; i.e. the user can bring a term of her
interest to the foreground by hovering over it.

4.

PRELIMINARY ANALYSIS

Finding influential users in social networks has been well
studied in the recent years. Cha et al. studied user influence on Twitter, and used the idea of users tweeting about
multiple topics as a way to measure influence. One of their
findings suggested that influence is gained by limiting tweets
to a single topic [3]. However, their work was limited to
Twitter, and took only 3 topics into account.
Using data from MultiOSN, we intend to verify this claim
on a larger scale, and across multiple social networks. As
an exploratory exercise, we started looking at data for users
posting across multiple events on Facebook and Twitter. Table 2 shows the number of users in our dataset, who posted
for two different events on Facebook and Twitter (due to
space constraints, we present data for only India centric
events here). On some manual analysis, we found that a
large proportion of Facebook posts across different events
came from pages with over 10,000 “likes”. This suggests
that these pages, despite posting across multiple events, are
influential. We would like to further test this claim with
more formal methods.
IPL (Indian Premiere League), the 2-month long cricket
tournament gathered the maximum number of posts on both,
Facebook and Twitter. Interestingly, the number of posts on
Facebook for two (IPL, and North India Floods) out of the
four events were greater than the number of tweets. Given
the less public nature of Facebook as compared to Twitter,
these numbers reflect the extent of difference in popularity
of Facebook and Twitter in India.
For most pairs of events, the percentage of overlapping
users on Twitter was found to be slightly more than the
percentage of overlapping users on Facebook. The maximum overlap was found to be between North India Floods,
and Bangalore Blasts, where 4.89% Twitter users were overlapping. For Facebook, all pair of events except the Bodh
8
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Facebook
BodhGaya
Blasts
IPL
2,333,514 3,431
BodhGaya 3,431
46,667
Floods
21,238
2,267
Bangalore 889
52
Twitter
IPL
945,429
10,763
BodhGaya 10,763
122,824
Floods
20,640
5,056
Bangalore 9,789
2,378
Event

IPL

5.2
Floods
21,238
2,267
138,503
186

Bangalore
Blasts
889
52
186
2,121

20,640
5,056
63,233
3,696

9,789
2,378
3,696
15,953

Table 2: Number of users posting across two events
on Facebook and Twitter.
Facebook had more
unique users posting about IPL and Floods, than
Twitter.
Gaya Blasts, and North India Floods had less than 1% overlapping users.

5.

RESEARCH DIRECTIONS

Researchers / academicians have been studying the social
media services individually; but there has not been much
effort to study all the media at the same time along the same
topics. We plan to focus on this theme using the MultiOSN
framework, which allows us to collect data from these social
media services. Different type of analyses that we plan to
do are: Spatial, temporal, content, credibility, community
detection, influencer detection, and social network analysis.
Main theme will be to detect trustworthiness of the content
and users on online social media. Some of the broad research
goals are as follows:
• Identifying and extracting good quality information
during real-world events.
• Detecting multiple identities of the social media users
across multiple networks.
• Characterizing spam and phishing content posted during real-world events.
• Characterizing the spread of malicious content posted
across multiple social networks during real world events.
We now discuss some of these research goals in more detail.

5.1

Extract credible and trustworthy information and users from multiple Online Social
Media

Due to the enormous growth of online social media, there
is also huge misuse of the same; in particular, it is being used
for spreading malicious content, rumors, non-trustworthy
content, etc. Researchers have studied information credibility on the Twitter network in the past [2, 6], but information
quality on other social media is yet to be studied on a large
scale. As we are aware, the inferences that are made from
data which is not of good quality (i.e. with rumors, etc.)
cannot be relied on heavily. We will apply machine learning
(classification of malicious and non-malicious nodes) and information retrieval (ranking of content / users based on their
trustworthiness) approaches to detect trustworthy content
and users. To detect non-trustworthy users, we will use profile information, content generated by the user, and his / her
network.

Effective visualization techniques for extracting actionable information during real
world events

Effective information visualization techniques play a critical role in amplifying cognition [1]. Presenting information collected for real world events in a Dashboard format is
expected to be of immense value to security analysts; this
information can be interpreted to make informed decisions
about the actions to be taken (e.g. track a particular user
more closely, identify a community speaking about a particular topic, identify the leader in the topic). The graphs
presented in MultiOSN can be used effectively for crime analytics. We have developed a dashboard that will be available for analysts / security agencies to interactively use it
to visualize the data from the online social media services.
Apart from the currently used techniques like frequenct distribution, we would use information retrieval techniques, like
query expansion, stemming, feedback algorithms to identify
the most relevant and important terms with respect to an
event. Given a search term, this information will be presented to the user on the dashboard.
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