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Abstract 

Microblogs have rapidly become the most popular means by which people communicate 

with friends, pay close attention to celebrity at any time. Hence many studies on 

microblogging networks have been done recently, focusing on information diffusion, 

popularity prediction, topic detection and more. In this paper, we study the popularity of 

tweets in microblogging networks and introduce a novel concept “popularity degree” that 

help divide microblogging into four levels. Through the empirical analysis of different 

popularity degree, we find the retweeting information of a tweet at an earlier time can help 

predict its final popularity. Hence we propose a prediction model based on SVM with the 

retweeting information within one hour. Experimental results show our model has better 

ability of prediction. 
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1. Introduction 

Microblog is one of the most popular kinds of social media services nowadays. Compared 

with traditional media, microblog has many unique characteristics such as a large amount of 

users, fast spread speed, brief messages and so on. The scale of microblogging network 

increases tremendously in recent years. Therefore, microblogging networks become fertile 

soil for information diffusion and have received widespread attention. 

Microblogging services often support users to share their information publicly through 

Web or mobile applications [1]. And users can choose to retweet messages that they are 

interested in. In this way, the information carried by the message can be quickly spread in the 

social network [2]. From the perspective of transmission mode, retweeting behavior can 

greatly broaden the channels of information transmission and accelerate the replication and 

spread of information. In the process of retweeting, each user converts himself from the 

information "recipient" into the information “sender”. 

 The popularity of microblogs is an important measurement for studying the influential of 

microblogs. Many enterprises and institutions regard it as a key propaganda media and 

marketing channel. Hence the prediction of popularity of microblogs is an essential problem 

for better understanding the retweeting behaviors in network. Furthermore, it can be used in 

applications such as online advertisement and recommendation. 

The rest of the paper is organized as follows: in Section 2 we discuss related work. We 

then describe our empirical analysis for tweets with different popularity degree in Section 3. 

Followed in Section 4 we propose a method for modeling popularity degree. Section 5 de-
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scribes our case study on Sina Weibo data, where we show that our model has better ability of 

prediction. In Section 6 we finish with a conclusion of our research. 

 

2. Related work 

Information diffusion on microblogging network is a hot topic which is receiving an in-

creasing amount of attention of researchers. Several pioneering work have made efforts to 

study the popularity prediction on social networks [1, 2].  

Zi Yang et al. [3] considered retweeting behavior is influenced by many factors: user, 

message, time and propose a semi-supervised framework of a factor graph model to predict 

users’ retweet behaviors. Peng Bao et al. [4] regarded structural characteristics as effective 

clues for the popularity of short messages. They measured structural characteristics with link 

density and diffusion depth. The task of the popularity prediction was formulated as a 

classification problem by Hong et al. [5]. Haixin MA et al. [6] proposed mathematical models 

which could capture distributions of popularity and dynamics of retweeting behavior. They 

think different measurements should be used for better understanding of the popularity. 

Therefore, existing methods for popularity prediction mainly focus on structural 

characteristics and content quality. But neither mining textual content that users generate nor 

analyzing the social network structure is always easy and reliable. In this paper, we just 

consider the users profile and retweeting information of a tweet at an earlier time to predict 

the tweet popularity. 

 

3. Empirical Analysis 

In this paper, we focus on Sina Microbloging Network which is the largest microblog 

service in China. In this section, we describe the dataset with basic statistics and empirical 

study for retweeting behaviors. 

 

 3.1. Dataset Description 

The dataset we used is crawled from Sina Weibo.com, published by Jie Tang’s group 

(http://arnetminer.org/Influencelocality). This dataset contains 1.7 million users and 0.3 

billion following relationships among them. In order to analysis tweets popularity, we collect 

about 160 thousand tweets with complete information from dataset, including all its retweets, 

original user, retweeted time, retweeted users and so on. So we can trace a tweet’s 

propagation path and observe information diffusion process. Table 1 lists statistics of the 

microblogging network. 

 
Table 1. Data Ses 

Dataset #Users #Following- 

relationships 

#Original- 

mciroblogs 

#Retweets 

Weibo 1,776,950 308,489,739 300,000 23,755,810 

 
3.2. Observation and Findings 

In general, the spread of information in the Microblogging network is mainly by re-

tweeting behavior. We often apply the number of retweets as a measurement of the popularity 

for a tweet. But for the common people, they have no necessary to care the accurate number 

of retweets, only need to know what is the degree of popularity of tweets .Meanwhile, number 

usually cannot give people the concept of intuitive. 
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Hence, we put forward a novel definition for popularity, called Popularity Degree. We 

divide microblog’s popularity into four levels: Degree-0, represents the tweet is unpopular; 

Degree-1, represents the tweet with a low popularity; Degree-2, represents the tweet with a 

middle popularity; Degree-3, represents the tweet with a high popularity that maybe cause a 

hot topic. Each tweet is labeled with different popularity degree. 

According to analysis of dataset, we find the average number of retweets for a popular 

microblog is about 80, so we give a reasonable definition for popularity degree as follows:  

 

Table 2. Definition For Popularity Degree 

Popularity Degree Retweets Number Implication 

Degree-0 #Retweet <10 Unpopularity 

Degree-1 10<#Retweet<=100 Low popularity 

Degree-2 100<#Retweet<=1000 Middle popularity 

Degree-3 #Retweet>1000 High popularity 

 
First, we pay attention to basic data statistics of different popularity degree in our dataset. 

As shown in Figure 1, the percentage of low popularity degree is the largest than others with 

41.6% and the percentage of high popularity degree is the lowest (2.7%). Meanwhile,we 

compare average speed of diffusion between different popularity degree and from Figure 2 

,we can see the result is the higher the popularity degree of tweet, the faster the speed of 

diffusion. This is common sense, so it is necessary to give further attention to temporal 

number of retweets and temporal speed at each period for different popularity degree. 

 

         
Figure 1. Percentage of Popularity Degree       Figure 2. Average Speed of Diffusion 

 

Figure 3 illustrates the temporal number of retweets at each period for different popularity 

degree. It is easy to find they have the similar curve although they have different popularity 

degree. At the period of six-hour, the temporal numbers all achieves the highest point. And 

eighty percent of retweeting behavior is finished within 48 hours which is in accordance with 

conclusion proposed by Ma H, Qian et al. [6]. 
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Figure 3. #Retweets at Each Period               Figure 4. Speed of Retweets at Each Period 

 

Next we research temporal speed at each period. As shown in Figure 4, we discover the 

speed of retweeting is not constant in the process of information diffusion. At some short 

period, the speed increases much faster than other periods. This stage in sociological is called 

“tipping point” [6]. Here we put forward the concept of acceleration point based on that, and 

the acceleration point hold the following conditions: 

1. ktTStTS  )()(   

2. ktTStTS  )()(   

3. ))()(()()(   tTStTStTStTS  

4. )log(/)()( NNtTStTS   

where TS(t) denotes temporal speed at period at t,   is the small time window size for 

observing, N is the sum of retweets, k is average speed ,   is the threshold on change rate of 

slope. 

Thus, we find there are two acceleration points in high popularity degree’s curve while 

one in middle popularity degree’s curve and low popularity degree’s curve has no 

acceleration point. Figure 4 shows temporal speed of retweets at each period and the red 

circle stands for acceleration point. 

Finally, we report the final retweeted number of a tweet with respect to the one-hour re-

tweeted number. As shown in Figure 5, there exists a strong positive linear correlation 

between the final popularity and the one-hour popularity. This finding tells us that the re-

tweeting information of a tweet at an earlier time can help predict its final popularity. 
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Figure 5. Correlation #Final Retweets and # Retweets-OneHour 
 

4. Modeling Popularity Degree 

In this section, we propose our model to predict popularity degree based on the above 

findings. We formalize our problem into a supervised machine learning model and describe 

the features of model. 
 

4.1. Model 

Our goal is to predict a tweet’s final popularity degree, therefore it is a multi-

classification problem. As we all known, Support vector machine (SVM) is a popular 

technique for data classification. So we propose a model based on SVM to predict the 

final popularity using statistical data of earlier popularity, called feature scoring in 

model.  

 Given a training dataset with feature-scoring and degree-label pairs lidf ii ,...,1),,(   

where  
n

i Rf    denote values of features we selected and {0,1,2,3}id  denote four level of 

degree popularity. Thus, our model based on SVM is aimed to solve the following 

optimization problem: 
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min                    (1) 

Subject to  libfwd iii

T

i ,...,1,0,1))((    

where  )( if  maps  if  into a higher-dimensional space, C>0 is the penalty parameter of the 

error term. w is the vector variable of possible high dimensionality. The parameter b 

determines the offset of the hyperplane from the origin along the normal vector w. 

Here, we choose radial basis function (RBF) as kernel function: 

)||f-f||exp(-=) f,K(f 2

jiji   , 0>γ        (2) 

where γ is kernel parameters. 

The reason for employment RBF as our model’s kernel function is that the function 

nonlinearly maps samples into a higher dimensional space so it unlike the linear kernel. In 

addition, the number of RBF parameters is few, as a result it can reduce the complexity of the 

model effectively [19]. 
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4.2. Feature Description and Scoring 

Many researchers have demonstrated that the profile features of users who published 

microblog has the certain indicative function for prediction of retweets [10, 12]. In 

consequence, our model adopt the profile features of original users as our basic features as 

well. Furthermore, we add the retweeting information of a tweet in one hour into model.  

In the actual situation, the reason that many tweets become popular is not because user 

who published tweet has a powerful influence, but the retweeted users have more significant 

influence. For example, a normal user publishes a tweet and at the same time @ a famous 

user, then if this tweet attract his interesting and is retweeted by this famous user, it is 

possible that this tweet achieves a high popularity degree at short time. So we add the 

retweeting information of a tweet within one hour into model in order to make our model has 

more accurate predictive ability. 

Table 3 shows the detail information of feature; each feature is adopted by our model as if : 

 

Table 3. Detail Information of Features 

Feature Description Scoring 

Original__uFollowers The number of original user’s followers #Followers 

Original_uTweets 
The number of original user has published 

Tweets 
# Tweets 

Original_uStatus The verification status of original user {0,1} 

OneHour_retweets The number of retweets within one hour #Retweets_OneHour 

OneHour_ 

uFollowers 
The sum of retweeted user’s followers #Followers_OneHour 

OneHour_ uTweets The sum of retweeted user’s tweets # Tweets_OneHour 

OneHour_ uStatus 
The number of retweeted users whose 

verification status is 1 
{0,n} 

 

5. Experiment 
 

5.1. Scale 

Before applying data to train model, scaling is very important. The main advantage of 

scaling is to avoid attributes in greater numeric ranges dominating those in smaller numeric 

ranges. Another advantage is to avoid numerical difficulties during the calculation [20]. 

Consequently, our dataset should be executed to preprocessing first. Here we deal with 

feature score with normalization method as follows: 

MinValue)-(MaxValueMinValue)/-(x=y            (3) 

where x, y are the value of before and after normalization respectively . MaxValue, MinValue 

are the maximums and minimums in sample respectively. 

Thus, we scale each feature score to the range [0,1]. It makes easy to train model and speed 

up the convergence rate of the model. 
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5.2. Result 

In our experiment, we take 85% of all the tweets as the training set and the rest 15% as the 

testing set. In addition, we use model without retweeting information within one hour as 

baseline. The results of two models as follows: 
 

Table 4. Prediction Results of Our Model 

Model 
Parameter of 

Kernel Function 
#Iteration Accuracy 

Our Model 8.5 6329 72.4% 

Baseline Model 4.5 512 56.2% 

 

The result of experiment show that our model has a better ability of prediction than 

baseline model, with the predicting accuracy improved 26%. Therefore, it also empirically 

demonstrates that early retweeting information affect the final popularity degree. 

 

Table 5. Prediction Results for Different Popularity Degree 

Model 
Accuracy of 

Degree-0 

Accuracy of 

Degree-1 

Accuracy of 

Degree-2 

Accuracy of 

Degree-3 

Our Model 78.5% 83.2% 71.4% 52.8% 

Baseline Model 62.4% 58.6% 45.3% 48.2% 

 

But as shown in in Table 5, we discover our model has a high predicting accuracy when 

the popularity degree is 0, 1 and 2.However, the accuracy is reduced when to predict the 

tweet whose popularity degree is 3. This is because the high popularity has two or more 

acceleration points in its lifecycle as our findings in Section 3; therefore the retweeting 

information within one hour is not enough to let us detect the latter accelerated points. So it is 

deficiencies of our model and in need of improvement. 
 

6. Conclusion 

In this paper, we studied the popularity of tweets in microblogging network and in-troduce 

a novel concept “popularity degree” to divide popularity into four levels. Through the 

empirical analysis of different popularity degree, we find the retweeting information of a 

tweet at an earlier time can help predict its final popularity. Hence we propose a model based 

on SVM with the retweeting information within one hour. Experimental results show our 

model has better ability of prediction. In future work, we will continue to further study and 

improve its ability to predict the highly popular microblog. 
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