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What is Information Diffusion?

Online Information Diffusion
Understanding the tendency for people to engage in activities such as
forwarding messages, linking to articles, joining groups, purchasing products,
or becoming fans of pages after some number of their friends have.

Objectives of this research
Widespread belief that different kinds of information spread differently
online.

To study this issue on Twitter, analyzing the ways in which Hashtags
spread on a network defined by interactions among Twitter users.
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Twitter Data and Graph Construction

Twitter data crawled from August 2009 until January 2010.

Collected over 3 billion messages from more than 60 million users.

Graph construction via @-messages: X → Y if X directed at least 3
@-messages to Y .

Graph size: 8.5 million non-isolated nodes, 50 million links

Studies 500 most used hashtags
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Hashtag Categories

Manually identified 8
broad categories with
atleast 20 HTs in each

Authors and 3
volunteers
independently
annotated each
hashtag.

Levels of agreement
was high
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Exposure Curve: Defining p(k)

Neighbor Set of X
For a given user X, the set of other users to whom X has an edge.

When does X start mentioning a hashtag H?
How do successive exposures to H affect the probability that X will begin
mentioning it?

Look at all users X who have not mentioned H, but for whom k neighbors
have

p(k): fraction of users who adopt the hashtag direct after their kth

exposure, given that they hadn’t yet adopted it.
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Average Exposure Curve for 500 most-mentioned hashtags

A ramp-up to the peak value, reached relatively early (k = 2,3,4)

Decline for larger values of k
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Persistence and Stickiness

Stickiness
The maximum value of p(k)
(probability of usage at the most
effective exposure)

Persistence
A measure of the decay of
exposure curves.
The ratio of the area under the
curve P and the area of the
rectangle of length max(P) and
width max(D(P)).
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Approximating Exposure Curves via Stickiness and Persistence
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Comparison of Hashtags based on Stickiness

Technology and Movies have lower stickiness than a random subset

Music has higher stickiness than a random subset
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Comparison of Hashtags based on Persistence

Idioms and Music have lower persistence than a random subset of
hashtags of the same size

Politics and Sports have higher persistence than a random subset
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Persistence vs. Stickiness

Idioms and Politics: Same stickiness but opposite persistence

Music has high stickiness but low persistence

Stickiness does not explain the diffusion well by itself
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Sample curves for #cantlivewithout (blue) and #hcr (red)
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Comparison of Hashtag by Mention and User Counts

Political and Idioms are among the most mentioned, but Idioms are used by
twice the number of people that use Politics
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The Structure of Initial Sets
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Structure Comparison for Political Hashtags (G500)

The early adopters of a political hashtag message more with each other,
create more triangles, and have a border of people with more links into
the early adopter set.

Pawan Goyal (IIT Kharagpur) Hashtags on Twitter July 31, 2015 16 / 16



Structure Comparison for Political Hashtags (G500)

The early adopters of a political hashtag message more with each other,
create more triangles, and have a border of people with more links into
the early adopter set.

Pawan Goyal (IIT Kharagpur) Hashtags on Twitter July 31, 2015 16 / 16


