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Abstract. The information forwarding function is the fundamental information dif-
fusion mechanism on a social network. This paper aims to predict users’ forwarding
behavior. Previous studies have usually focused on static information, while ignoring
the dynamic interaction and social influence between users. To address this problem,
we introduce Klout, an application that measures users’ social influence and traces the
dynamic interaction between social network users. The research problem is formulated as
a classification task, and machine-learning models are developed. In addition to features
used to represent users’ static information, features that can be used to measure users’
social influence are also introduced. These features are constructed from information
obtained from the Klout. The experimental data were sourced from Twitter. After data
pretreatment, a 10-fold cross validation experiment is adopted. In case of overfitting,
a sensitivity test was also conducted under data imbalance situation. The experimental
results show that the model with social influence features outperforms the model without
such features, which demonstrate the effectiveness and necessity of taking users’ social
influence into consideration. In addition, the results also demonstrate the effectiveness
of the method used to quantify social influence as proposed in this paper.
Keywords: Individual forwarding, Klout, Social influence, Social network, Machine
learning

1. Introduction. With the rapid development of online social network sites (SNS) such
as Twitter, Facebook and Sina Blog [1], the concept of forwarding prediction has aroused
the interest of many researchers. Unlike traditional media, forwarding is the most im-
portant mechanism of information diffusion used in social media. Users not only receive
information, but also take part in the information diffusion process [2]. At present, most
existing studies mainly focus on predicting the forwarding scale of a certain message
or topic [3]. This can be called “massive forwarding prediction” and is used for vari-
ous marketing and public opinion analysis purposes [4,5]. In contrast, very few studies
have researched the concept of individual forwarding prediction. Individual forwarding
prediction refers to predicting SNS-users’ forwarding behavior. Correctly predicting this
behavior has various benefits. Firstly accurate predictions can help SNS to provide more
personalized services, such as a personalized message recommendation system. Secondly,
accurate predictions can help businesses to locate target users among the numerous so-
cial network users. Thirdly, accurate predictions of forwarding behavior can help social
network users to filter the information [6], as this is an age of information explosion. The
reason researchers have not yet investigated this field to any large degree is that indi-
vidual forwarding prediction aims to identify the specific forwarders and therefore needs
to take every single forwarder’s characteristics into consideration. This is quite difficult,
because there are too many latent forwarders [7]. Researchers involved in this field usu-
ally ignore dynamic interaction between users and only focus on users’ static information,
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Wang et al. [8] predicted users’ retweet action based on features of released and accepted
users along with content, and then used SVM to filter spam and established a logistic
regression to conduct prediction. Tang et al. [9] analyzed retweet features and improved
LR for the prediction. Zhou et al. [10] systematically examined the features of followee,
follower, tweet, and interaction, and they summarized 52 features in total to perform the
prediction. This information on its own is insufficient as a means to predict the degree
of a user’s social influence. Social psychological studies have demonstrated that social
influence could significantly influence user behavior at SNS [11,12].

Given this situation, a novel prediction method of individual forwarding behavior is
proposed. Unlike previous studies, Klout is introduced in our proposed method to quantify
social influence between users through constructing social-related factors. Klout is a
company in which Microsoft invested. Klout aims to use social media analytics to create
user profiles and measure the degree of each user’s social influence on SNS. They have
several technology advantages which may be hard for researchers to realize, given the
existing resource constraints. Firstly, Klout created user profiles by aggregating multiple
social networks, such as Google+, Instagram, LinkedIn, Twitter, YouTube, and even
Wikipedia [14]. Secondly, Klout has the ability to trace each user’s information. This
includes not only static information, but also each user’s activities and interactions. Klout
traces about 45 billion interactions on various social networks every day. Thirdly, Klout
also has the ability to identify spam/dead accounts and reduce their influence. Klout then
labels each user based on the collected data. The labels Klout can apply to any given
user are determined as follows.

1) Klout Score: Klout Score is a numerical value, which is used to measure a user’s social
influence on a given social network. The score ranges from 1 to 100, with 100 being
the most influential.

2) Influence and Influences: This information is used to find out which other users can
influence a specific user the most, as well as the users who can be influenced most by
this specific user. The findings are based on the users’ interactions.

3) User Topic: This is used to find the specific topics that interest users. The findings
are based on user activities and the technology of natural language processing.

In sum, the main technical achievements of our work are threefold.

1) We design a novel method to predict individual forwarding behavior.
2) We introduce Klout in the field of forwarding prediction through quantifying social

influence between users. Our findings indicate that it is feasible to predict individual
forwarding behavior with the consideration of features constructed from Klout.

3) Our work reveals the law of information diffusion between individuals on SNS, which
builds a solid foundation for further study of the whole process of information diffusion
on SNS.

This distinguishes our work from existing studies that fail to systematically investigate
structure properties of SNS. In this paper, we adopt Klout technique and machine learning
methods to quantify social influence between users and predict the individual forwarding
behavior respectively. To test the performance of our proposed method, we form the
baseline method by concluding basic features from previous literature, and compare it
with our proposed method.

The rest of this paper is organized as follows. Section 2 introduces the model construc-
tion. Section 3 describes the dataset used in the experiment. The results and discussion
are introduced in Section 4. Section 5 presents our conclusions.

2. Model Construction. Four categories of features (profile features, content features,
structural features, and Klout features) are used in the proposed model.
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Profile features: This group of features is used to measure the activity of receivers
and publishers. This category includes the number of followers, number of people being
followed, number of published messages and the frequency of publication. If a user has
more followers (number of followers), follows more users (number of people being followed),
publishes more messages (number of messages), and publishes frequently (frequency of
publication), the user will be more active in social media. Such users are more likely to
be engaged in the process of information diffusion. All the above features can be acquired
from a user’s profile page.

Content features: This group of features reflects the characteristics of a user’s mes-
sage content, including whether the message contains the character “#” (which means
the topic); whether the message contains the character “@” (which means the message
is directed @ someone); whether the message contains a URL (which means the message
has multimedia characteristics), and the length of the message.

Structural features: These features reflect the structural characteristics of social
media users. Previous studies indicate that a user’s structural characteristics relate closely
to that user’s behavior on a social network [12]. Here, the local cluster coefficient, page
rank, and the rate of common friends were chosen.

The local cluster coefficient reflects the density of connections between each informa-
tion receiver’s friends. Online social networks clearly exhibit clustering effects. Previous
studies have shown that the density of connections of a specific user’s friends makes that
user more involved in the social network [12]. The formula is as follows:

ClusterScore =
Number of connections among A’s friends

N(N − 1)/2
(1)

Here, N is the total number of friends of user A.
PageRank is a well-known structural feature, which initially was used to rank websites.

Now many researchers employ PageRank to represent a user’s degree of social influence
on the global network [7].

In addition, the rate of common friends was also constructed, in order to evaluate
the social influence between information receivers and information publishers. A user’s
behavior is often influenced by his or her friends [13]. If user B has more friends who
follow user A, then user A may have more influence than user B. Therefore, the common
friend rate is constructed, and the formula is as follows:

CFR =
Number of common friends

Number of information receivers’ friends
(2)

All of the above features can be acquired through a user’s static connection information.
Klout-based features: This group of features is constructed from Klout, in order to

measure the degree of social influence between receivers and publishers. These features
include Klout score, topic similarity, mutual influence index, influence similarity and
influencer similarity. Unlike structural features, which mainly focus on static connection
information, Klout-based features are constructed from a user’s dynamic interactions.

A Klout score is a numerical value, which is used to measure a user’s degree of social
influence on a social network. The score ranges from 1 to 100, with 100 being the most
influential. The calculation of the score is based on features aggregated from multiple
dimensions of a user’s social network interactions. The score shows the user’s degree of
global social influence on a social network. Users with higher scores are able to spread
information more effectively within the network [14].

Topic similarity: Previous studies have demonstrated that information receivers prefer
to forward messages from users who share information on similar topics [7]. Klout has
the ability to exhibit each user’s topic preferences. Cosine similarity is applied, in order
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to calculate the topic similarity between two users. The formula is as follows:

TopicSim(A, B) =
topic A · topic B

∥topic A∥∥topic B∥
(3)

Here, topic A, topic B represent the topic arrays of user A and user B, respectively.
“Influencee similarity” and “influencer similarity” reflect the closeness of the social circle

of information receivers and publishers on the social network. The degree of closeness is
also calculated by cosine similarity.

The mutual influence index is produced by the following rules:
Suppose user A is the information receiver, and B is the publisher.
Initial: Mutual influence index = 0

(1) If (A is in B’s influencer list): Mutual influence index +=1.
(2) If (B is in A’s influencee list): Mutual influence index +=1.
(3) If (B is in A’s influencee list, and A is in B’s influencer list): Mutual influence

index +=1.

3. Dataset Description.

3.1. Data collection. The data were collected from Twitter, one of the most popular
social media sites in the world. Forwarded messages on Twitter can also be referred to as
retweets. Initially, 321 seed users were acquired by randomly choosing one user on Twitter
and then obtaining that user’s friends list, which contained 320 users. From these seed
users, a whole network was trawled. That network contains 17,682 users, including the
initial 321 seed users and an additional 17,361 users who are in the range of one hop of
the seed users. Furthermore, tweets posted by trawled users were collected from March
21, 2016, to July 7, 2016.

3.2. Data balance. For our forwarding prediction evaluation data set, each project rep-
resents a forwarding action. The action is marked with the class label “1” if a certain
tweet is retweeted by a certain user. Otherwise, the action is marked with the class label
“0”. However, a severe data imbalance exists, because the number of non-forwarding
actions is much higher than the number of forwarding actions, at a ratio of 1:12. This
finding is consistent with the ratio in Morchid M’s work [15]. Traditional methods of
data balancing are over-sampling and under-sampling. However, both methods may fail
in a forwarding prediction scenario, because both methods assume that all the tweets
published by a user’s followers will be browsed, but actually it is impossible for users to
browse all tweets on their home pages. To address this problem, we employed a technical
means to select non-retweeted tweets. The main steps of this method are as follows.

Step 1: Retrieve the friend list of a user from the database.
Step 2: Retrieve his or her friends’ published tweets from the database.
Step 3: Sort the tweets chronologically.
Step 4: Locate and mark the retweeted tweets.
Step 5: Locate and mark the non-retweeted tweets, which are the four nearest tweets

to each retweeted tweet.
Repeat Step 1 to Step 5 for every user.
The first three steps reconstruct the home page of each user. The remaining two

steps choose data. The nearest non-retweeted tweets to each retweeted tweet are chosen,
because compared with other non-retweeted tweets, the probability of these tweets being
browsed by the user is undoubtedly much higher.

After data balancing, the amount of retweeted tweets and chosen non-retweet tweets
were 56,182 and 223,728, respectively.
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4. Results and Discussion. An experimental study was designed to test the proposed
method by comparing our method with alternative methods, which did not consider Klout-
based features in previous studies. All features used in both methods are summarized in
Table 1. The difference is that Klout features are only used in the proposed method.

Table 1. Summary of features

Category Features
Profile Features Number of followees

Number of followers
Number of collection
Number of tweets
Frequency of publication

Content Features IsTopic
IsAlt
Length of tweet
IsUrl

Structural Features Local cluster coefficient
Common friend rate
Page rank

Klout Features Klout
Topic similarity
Mutual influence index
Influencee sim
Influencer sim

Several conventional classifiers were chosen to perform the classification, including sup-
port vector machine (SVM) and logistic regression (LR). Besides, ensemble classifiers such
as random forest (RF) and Adaboost (ADA) were also included for comparison purposes.

In order to obtain robust results, a 10-fold cross validation experiment was adopted.
Here, the amount of retweeted tweets is equal to non-retweeted tweets (Figure 1).

The results demonstrate that the proposed method significantly outperforms the alter-
native method, with the average increment approximately 11.4% for F1-Measure. The
best-performing classifier is random forest, whose F1-Measure is from 66.1% to 79.8%,
with the increment of up to 20.7%.

To test the sensitivity of both methods to the rate of retweeted tweets and non-retweeted
tweets, a hold-out procedure was conducted, with the ratio of retweeted tweets and non-
retweeted tweets changing from 1:1 to 3:1, and the training set and testing set fixed to
4:1. The results of these three experiments are shown in Figure 2.

As shown in Figure 2(a), considering the precision, the proposed method performs
slightly better than the alternative method. Meanwhile, it can be seen that when the
ratio is 3:1, the precision achieves the highest. That is because the more non-retweeted
tweets are used, the more classifiers tend to classify tweets into “non-retweeted”. The
precision can achieve 75% if classifiers classify all tweets into “non-retweeted” under the
ratio of 3:1. Hence, as a supplement, recall is used and the result is shown in Figure
2(b), and the proposed method performs much better than the alternative method at
any ratio. Meanwhile, in contrast to precision, it can also be seen that when the ratio
is 1:1, the recall achieves the highest. When considering the F1-Measure, as shown in
Figure 2(c), the proposed method performs better than the alternative method at any
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Figure 1. Results of 10-fold cross-validation
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The proposed method The alternative method

(a) Precision

(b) Recall

(c) F1-Measure

Figure 2. Results of the sensitivity test

ratio. Combining the results shown in Figure 2, we can come to the conclusion that our
propsosed method outperforms the alternative method.

Meanwhile, one point of interest is that the F1-Measure of SVM in the alternative
methods comes to zero at the ratio of 3:1. This happens because the main idea of SVM
is to “maximize the distance between the hyperplane and the points that are closer to it,
and SVM has a bias toward the majority class” [16]. At the ratio of 3:1, SVM simply
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classifies all projects into “Class 0” which causes the recall and F1-Measure to be zero in
the alternative methods. Meanwhile, in the proposed method, the F1-Mesausre of SVM
is still 37.7%, which also demonstrates the efficiency of our proposed methods.

In this paper, the degree of a user’s social influence is introduced by means of construct-
ing social influence features based on information obtained from Klout. The results show
that introducing social influence into individual forwarding predictions is both effective
and necessary. However, some limitations still exist in the proposed model, because the
Klout application only supports users of Twitter, Google+ and Instagram. For this rea-
son, the degree of social influence of users on other social network sites cannot be obtained
through our proposed method.

5. Conclusions. In this paper, a machine learning model is proposed for purposes of in-
dividual forwarding prediction. Our model takes the degree of a user’s social influence into
consideration. Features constructed out of information obtained from Klout are added
to the model. Both 10-fold cross-validation experiments and the sensitivity test demon-
strate the superiority of the proposed model. This paper sheds light on the importance
of researchers who study user behavior on SNS taking social influence into consideration.
Our study also provides an approach that can be used to quantify the degree of social
influence with the Klout application.

In the future, we will carry out more experiments on social network sites other than
Twitter, and we will dynamically analyze users’ information obtained from Klout to adapt
changes in time.
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