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a b s t r a c t 

Retweeting behavior is critical to dissect information diffusion, innovation propagation and events burst- 

ing in networks. However, because of the various contents of tweets, recent work mainly focuses on the 

influential relationship while unable to derive different pathways of information diffusion. Therefore, our 

work tries to reveal the pattern by tracking retweeting behavior through user interest and categories of 

tweets. The key for modeling user interest is modeling topic distribution of tweets, which have non- 

Gaussian characteristics (e.g., power law distribution), thus we present the Latent Topics of user Inter- 

est (LTI) model which make full use of the non-Gaussian distribution of topics among tweets to uncover 

user interest and then predict users’ possible actions. After dividing users into conceit users and altruism 

users by whether they have definite selection when retweeting, and categorizing tweets into repeated hot 

tweets and novel hot tweets by whether its topics always occur in the training set, we demonstrates a 

pattern – the conceit users promotes the diffusion of repeated hot tweets, whereas the altruism users expands 

the diffusion of novel hot tweets , and the pattern is evaluated by the correlation coefficient between types 

of users and tweets, which is greater than .61 for 10 and 100 million tweets of Weibo 2 and Twitter with 

respect to 70 and 58 thousand users over a period of one month. 

© 2017 Elsevier B.V. All rights reserved. 

1. Introduction 

Information diffusion in networks is a fundamental process 

for online social network analysis which attracts much attention 

[1–6] . Recent work of information diffusion mainly considers in- 

ferring the latent network which briefs who infects whom or who 

influences whom and identifying maximal influential users [2,7–9] . 

For the phrase lipstick on a pig in networks has “unexpectedly ” high 

popularity and the consecutive economy phrases financial crisis 

since the great depression, our economy are strong, effort to protect 

American economy and our entire economy is in danger also gain 

high popularity [10] , the prior work is not appropriate to account 

for “unexpectedly ” popularity lipstick phenomena with the lipstick 

phrase is talked by the influential main stream media or the pres- 

ident Obama, because the main stream media and Obama will de- 

liver many messages in one day [2–5,7–9,11] . Many users consider 

the lipstick phrase tweets as novel tweets, however the hidden 
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meaning of the lipstick phrase is relevant to presidential elections, 

lies and swift boat politics , which are repeatedly occurring in the 

past and similar to the economy phrases arousing public’s actions 

on retweeting easily. Thus our intuition about the formation of un- 

expectedly high popularity lipstick phrase is that the lipstick phrase 

is retweeted quickly among the altruism users who often retweet 

various topics of tweets, when users recognizing the hidden mean- 

ings behind the lipstick phrase promote the lipstick phrase diffusing 

in networks. That leads to the unexpectedly high popularity lipstick 

phrase. Then about the expected popularity economy phrases, our 

intuition is that the users with definite interest in economy called 

conceit users are probable to propagate the economy phrases and 

then altruism users are also to diffuse the economy phrases. 

From the intuition, our work is to demonstrate the existence of 

user retweeting behavior in information diffusion networks, and to 

verify that the behavior pattern have important connection with 

the category of user and tweet. 

Thus the challenges of demonstrating the pattern of user 

retweeting behavior mainly remain at how to model user interest 

that corresponds to the types of users ( altruism and conceit ) and 

how to categorize tweets ( repeated hot tweets and novel hot tweets ). 

For modeling user interest, the prior work tracks user interest by 

analysing user profiles, groups, etc [11–14] ; however, as users can 

create fake profiles and social links, the prior work can not cap- 
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Fig. 1. An illustration of our work. #1 tweet: “The UN inspectors have now left Syria”. Both u 1 and u 2 are infected with #1 tweet. Combing the topic distribution of #1 

tweet and the distribution of u 3 interest, we find that u 3 is not interested in this type of tweet and not infected with #1 tweet. 

ture the real user interest. For the second challenge of categoriz- 

ing tweets, we address the challenge by meme-tracking approach 

[10] , through which we can identify short distinctive phrase (the 

unit of information) as they spread over the web. Then we catego- 

rize tweets by verifying the phrases of hot tweets in the test sets 

whether or not within the phrases in the training sets. 

Our approach to modeling user interest is based on the be- 

lief that the user’s actions on tweets represent the true picture 

of user interest, then mainly built on topics of tweets which obey 

non-Gaussian distribution. In the timeline, a user leaves traces of 

actions ( retweet or not ) on tweets, which represent the user’s at- 

titudes to tweets for that one user will retweet a tweet mainly 

because he is interested in it. Boninger and Krosnick posit that a 

user presumably perceives user interest to be relevant to an atti- 

tude when it is related to promote diffusion of tweets [15,16] , thus 

it is equal to model user interest based on the user’s actions on 

tweets. Now that each tweet in the timeline of a user has a def- 

inite action taken by the user, we know in which topic the user 

will be interested. Specifically, we address the problem of model- 

ing user interest according to the topic distributions of tweets. 

From a probabilistic view, we consider user interest as a proba- 

bility distribution of actions taken by users on each topic. An illus- 

tration of user interest is shown in Fig. 1 where the user 3 is more 

interested in topic 1 than topic 2. As a result, the central problem 

is to find an approach to computing the probability distribution of 

actions taken by users on each topic. We present the Latent Topics 

of user Interest (LTI) model for this problem, so that user interest 

is reflected from user retweeting various topics of tweets. In prac- 

tice, we assume that each tweet with a user taking action on just 

possesses one of the two infecting states infected state and non- 

infected state , which represent the user infected or not infected 

with the tweet. LTI is mainly modeling user interest with informa- 

tion diffusion in networks. Fig. 1 illustrates the tweet diffusing in 

the network. 

As the probability distribution of actions taken by users on each 

topic is developed, we can compute the entropy of a distribution 

for each user. The entropy denotes how ambiguous the action is 

performed by a user who retweets a tweet or does not retweet 

a tweet. The less entropy means these users clearly know to do 

or not do retweet a tweet, and they are more conceited ; the more 

entropy represents that users like flipping a coin to decide whether 

or not to retweet the tweet, and they are more altruistic . Thus the 

user interest is evaluated by the entropy. 

Our approach to categorizing tweets. First, we use method simi- 

lar to the “meme-tracker” approach [10] to extract short textual 

phrases by removing the word-length of tweets is less than 4 and 

the size of tweets propagation trees is less than 10 from original 

tweets propagating over networks in the training sets. Then, we 

select the tweets in the test sets retweeted more than 32 and cat- 

egorize the tweets into repeated hot tweets or novel hot tweets by 

the measure of cosine similarity . Tweets w a and w b are normal- 

ized at the term frequency vectors 
−→ 

w a and 

−→ 

w b with the vocabulary 

where 
−→ 

w a and 

−→ 

w b are [0, 1] | V | . 

similarity (w a , w b ) = 

−→ 

w a · −→ 

w b 

| −→ 

w a | × | −→ 

w b | 
(1) 

If the highest similarity among a test tweet w a and all phrases 

w b in the training sets is greater than δ, the tweet w a is deemed 

into the repeated hot tweet . If it is not greater than δ, we deem the 

tweet w a into the novel hot tweet . For the value of δ, we talked in 

Section 3 . 

The pattern of user retweeting behavior. We perform our approach 

on the Weibo and Twitter datasets with 10 and 100 million tweets 

and 70 and 58 thousand users over a period of one month, re- 

spectively. The reasonable retweeting pattern – the conceit of users 

promotes the diffusion of repeated hot tweets, whereas the altruism of 

users expands the diffusion of novel hot tweets is supported with the 

correlation coefficient between types of users and tweets above .61. 

What’s more, because it is validated by the prior work that users 

with discriminating ability for retweeting tweets are key factors to 

promote bursts of tweets with repeated hot topics [17,18] , thus the 

pattern is significant to identify the early spreaders by checking 

whether their neighbors are satisfied with the condition of a tweet 

bursting in networks. 

The organization of the rest of the paper is as follows. We 

present the generative model LTI for modeling user interest with 

information diffusion in networks in Section 2 . As user interest 

in tweets is modeled, we continue to analysis the types of tweets 

retweeted by users in Section 3 . We perform our approach to the 

real datasets of Weibo and Twitter for checking the relationship 

between types of users and tweets in Section 4 . The related work 

about user behaviors in social network is present in Section 5 . At 

last we conclude our work and guide the future work in Section 6 . 
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