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a b s t r a c t 

In past few years, social networking has significantly contributed to online presence of users. These so- 

cial networks are hosts to a number of viral phenomena. This has fetched a lot of attention from various 

researchers and marketers all over the world. Major portion of the studies done in the field of infor- 

mation diffusion through social networks has focused on the problem of influence maximization. These 

methods demand the diffusion probabilities associated with the links in the social networks to be pro- 

vided as inputs. However, the problem of computing these diffusion probabilities has not been as widely 

explored as the problem of influence maximization. In this paper, we tackle the problem of predicting 

the probabilities of diffusion of a message through the links of a social network. This paper presents a 

Bayesian network based approach for solving the aforesaid problem. In addition to the features related to 

the social network, this machine learning based Bayesian framework utilizes user interests and content 

similarity modeled using the latent topic information. We evaluate the proposed method using the data 

obtained from the well-known social network platform - Twitter. 

© 2017 Elsevier B.V. All rights reserved. 

1. Introduction 

In present scenario, social networking and micro-blogging sites 

have become dynamic and widely used media for communica- 

tion. Using these sites, people share information on various topics 

through which they express their likes and interests. As a result, 

social networking sites like Facebook 1 and Twitter 2 have shown 

a tremendous potential to make content viral, instantly, for ex- 

ample, Twitter during the United States presidential election in 

2008 [1] and Facebook during the 2010 Arab spring [2] . Today, so- 

cial networks are hosts to a number of viral phenomena: breaking 

news propagation, information dissemination during emergency, 

marketing campaigns, etc. [3,4] . This potential has caught the eyes 

of researchers as well as marketers, prompting them to focus 

on the word-of-mouth marketing strategy using these social plat- 

forms. 

Studying and modeling the information propagation through 

social networks is important in making effective use of social plat- 

forms. It is not only helpful in understanding how information is 
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diffused in the online social networks, but it can also be lever- 

aged for solving a number of problems like influence maximiza- 

tion, personalized recommendation systems, trending topics de- 

tection, trust propagation, feed ranking in social networking sites, 

ad delivery, computing diffusion centrality measures in social net- 

works [5–11] . 

Several researchers have studied the information diffusion 

through online social networks in the past. Most of the works in 

this area are based on the probabilistic models of information dif- 

fusion through networks, namely independent cascade (IC) and lin- 

ear threshold (LT) [12] . These works assume the information dif- 

fusion probability (IDP) for each link in the network to be given 

as input. Some research works [7,13,14] have addressed the prob- 

lem of predicting information diffusion, i.e., whether a user will 

retweet or not. On the other hand, the problem of computing 

IDP values has not been widely explored. Recently, some works 

[8,15–17] have reported the study of influence computation in so- 

cial networks. Some of these works [8,13,16] use only network dy- 

namics for creating solution models. However, the use of network 

dynamics alone cannot accurately capture the user interests and 

other relevant features [18] . Studies show that information dissem- 

ination processes are homophily-driven [19] and message propaga- 

tion occurs more frequently between users having common inter- 

ests [13] . Recently, Romero et al. [20] have proved that the textual 
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content plays a significant role in information propagation through 

social networks. 

Taking these findings into consideration, we present a novel ap- 

proach to predict the information diffusion probabilities of a mes- 

sage through various links in a social network. The approach uses 

textual content of messages, diffusion history of the network, and 

the network and user characteristics to build a Bayesian network 

model. The method exploits latent information extracted from the 

textual content to compute various features like user similarity, 

content similarity and user interests as described in Section 3.2 . 

Given a social network and its diffusion history, the proposed ap- 

proach finds the probabilities associated with the links of the so- 

cial network for diffusion of a given message. Following are the 

contributions of this work: 

• We analyze different factors which affect the IDPs and present 

a generic approach to compute these as features using the data 

available from online social networks. 
• This work investigates the dependencies that exist among these 

features and how can we leverage this information to build a 

reliable model. 
• This paper presents a Bayesian network based approach to 

compute the IDP values for different contents in a social net- 

work. 
• We compare the previous studies in this field and demonstrate 

how latent topic information obtained from diffused message 

contents can be utilized to improve the state-of-the-art meth- 

ods. 
• The experimental evaluation of the proposed approach on real- 

world data demonstrates the effectiveness and efficiency of the 

method. 

In this paper, we study the literature on information diffusion 

process from sociology and computer-science background and then 

perform experimental study to get better insights in order to an- 

swer the following research questions: 

• RQ1 : What factors related to network settings, user characteris- 

tics, information source and message content affect the IDP val- 

ues? How one can extract information out of the data available 

from online social networks to quantify these factors as features? 
• RQ2 : Whether these features are independent or there exist some 

dependencies among these and how one can formulate these de- 

pendencies? 
• RQ3 : How to design a model which can leverage these features 

and dependencies to reliably predict the IDP values in a social net- 

work for a given message? 

The rest of this paper is organized as follows. Section 2 provides 

background and discusses relevant works studying information dif- 

fusion. In Section 3 , we present an approach for the computation of 

IDPs. Section 4 presents the experiments performed to evaluate the 

proposed method and the comparative analysis of the proposed 

approach with existing approaches. Section 5 presents the discus- 

sion of the experimental study. Finally, Section 6 concludes the pa- 

per with discussion of the proposed approach and scope for future 

works. 

2. Related work 

A number of researchers in the past have studied the process of 

information diffusion through social networks. These studies can 

be largely categorized into two parts. First, a significant amount 

of these works focus on addressing the problem of Influence Max- 

imization . The goal of Influence Maximization is to find a seed set 

of users who can trigger cascades for maximizing the spread of an 

idea or opinion in the social network. For the first time, Domin- 

gos and Richardson [5,21] addressed this problem. They proposed 

a probabilistic model using Markov random fields. Later on, Kempe 

et al. [12] modeled the same as discrete optimization problem and 

proved its NP-hardness for two basic diffusion models namely–

independent cascade and linear threshold. They also proposed a 

greedy approximation algorithm for solving the same. Most of the 

works studying the problem of Influence Maximization assume the 

IDPs of the links are given as inputs. In this work, instead we ad- 

dress the problem of predicting these probabilities. Second, some 

of these works aim to study the prediction of information diffu- 

sion, which includes determining whether a link will be active or 

not and what IDPs to assign to such links in social networks. Fei 

et al. [13] used a multi-task learning approach to predict a user’s 

response (like or comment) to a post of her friend. They used fea- 

tures representing content similarity and user interests in their ap- 

proach. Lin et. al [22] . proposed a probabilistic model TIDE (text- 

based information diffusion and evolution), to track the evolution 

of a topic with time in social communities and its diffusion paths. 

Their model extract features from text of posts and captures im- 

plicit features using Gaussian random field. But, this model ignores 

the features related to social connections. 

Zhu et al. [15] studied the retweeting behavior of users and pre- 

sented a logistic regression model to predict the retweeting prob- 

ability of the incoming tweet by the target user. They used fea- 

tures related to the network such as the numbers of friends, fol- 

lowers, mutual friends, mutual followers, mutual mentions, mu- 

tual retweets, and the status count of the tweet author to cap- 

ture the relationship among users. The model also takes into ac- 

count the timing of tweets. They modeled content influence us- 

ing URLs, mentions, and hash-tags in the tweet. The work captured 

topic similarity between the incoming tweet and the tweets of the 

user as the cosine similarity of their term frequency vectors. How- 

ever, term frequency vectors are very sparse due to diverse use of 

vocabulary of interacting users. 

Kuo et al. [14,23] have addressed the diffusion prediction on 

novel topic problem to predict both cross-topic-observed and un- 

observed diffusions. They used the latent information present in 

the posts to model a signature for each of the topics defined in 

the topic set and to model the user preferences towards these top- 

ics. These methods consider the feature related to the topic of the 

message but not the features related to the content of that mes- 

sage. Thus, the diffusion is specific to a topic irrespective of what is 

exact content of the message. However, we argue that the content 

of a message is also significant in the process of diffusion, thus we 

consider the message content for feature modeling. Varshney et al. 

[24] also addressed the problem of detecting the links which are 

active in the propagation of a given message through a social net- 

work. The works discussed above do not provide the probability of 

diffusion of the message through the link as the models used are 

classification based and not the probabilistic ones. 

Similar to our work, the works in [8,16] also explored the prob- 

lem of finding information diffusion probabilities. Saito et. al [16] . 

presented a method for predicting information diffusion probabil- 

ities for independent cascade (IC) model. This work defined the 

likelihood of multiple diffusion episodes and applied the Expec- 

tation Maximization (EM) algorithm to solve it. But this method is 

not scalable to huge datasets because EM algorithm has to update 

the diffusion probability of each link in each iteration. Goyal et al. 

[8] proposed models for learning the probabilities of influence be- 

tween users with the focus on linear threshold (LT) model. They 

proposed various models like static model of probabilities, contin- 

uous time model and discrete time model. They also presented a 

technique for predicting the time by which a user is expected to 

perform the action. Due to the assumptions taken in their method 

such as a user performs an action at most once and the influence 

graph is DAG, their method is not suitable for tweet-retweet net- 

works. Both of these works [8,16] ignore the content of posts to 
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