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Abstract. Retweet prediction is a fundamental and crucial task in social
networking websites as it may influence the process of information dif-
fusion. Existing prediction approaches simply ignore social contextual
information or don’t take full advantage of these potential factors, dam-
aging the performance of prediction. Besides, the sparsity of retweet data
also severely disturb the performance of these models. In this paper, we
propose a novel retweet prediction model based on probabilistic matrix
factorization method by integrating the observed retweet data, social
influence and message semantic to improve the accuracy of prediction.
Finally, we incorporate these social contextual regularization terms into
the objective function. Comprehensive experiments on the real-world
dataset clearly validate both the effectiveness and efficiency of our model
compared with several state-of the-art baselines.
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1 Introduction

Online social networks such as Twitter and Facebook have become tremendously
popular in recent years. These services are a network structure system formed
by interaction among users. The dissemination of information in social networks
has brought unprecedented improvement under the structure and has acceler-
ated interpersonal communication and information flow. The retweet mechanism
provides a way to allow social users to hold the latest news and help enterprises
to carry out marketing on social networking platform. Thus, it is of great prac-
tical significance to analyze and explore the retweet behaviors for improving the
information propagation and user experience in social networks.

Many approaches has been proposed to model the retweet behaviors based on
different social information, such as textual feature [13], social feature [7], social
influence [18], visual feature [2], emotion feature [3], or a combination of these
various features [13]. Although these methods have made some progress to some
extent, the results are unsatisfactory, and can still be improved in a certain space.
To improve the performance of prediction, recent works incorporate the observed
explicit social information (e.g., social ties) into matrix factorization frameworks
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Fig. 1. Illustration of retweet behaviors on online social network.

to design novel models [15,16]. In fact, it is naturally that the retweet prediction
can be viewed as the problem of matrix completion by incorporating additional
sources of information about social influence between users and message semantic
between short texts. As shown in the example of Fig. 1, when users decide to
retweet message, they are interested in the content of message and more likely
to retweet messages posted by his close friends due to social relationships. We
call this phenomenon for social context. These knowledge can be learnt from
social influence and message semantic information. Both of these aspects are
important for retweet prediction. However, most existing methods simply ignore
contextual information, or don’t take full advantage of these potential features.

In this paper, we propose a novel retweet prediction model based on prob-
abilistic matrix factorization by integrating the observed retweet data, social
influence and message semantic to improve the accuracy of prediction. Specifi-
cally, we first introduce social influence matrix based on network structure and
interaction history and message similarity matrix based on document semantic.
We then utilize user and message latent feature spaces to learn social influence
and message semantic respectively. We incorporate these regularization terms
into the objective function. Finally, we conduct several experiments to validate
the effectiveness of our model with the state-of-the-art approaches. Experimental
results show our model performs better than the baseline models.

The main contributions of this paper are the followings:

• We propose a novel retweet prediction model based on probabilistic matrix
factorization by incorporating social influence and message semantic infor-
mation to improve the performance of prediction.

• We utilize low-rank user latent feature space and message latent feature space
to learn social influence and message semantic. The predicted social influence
and message semantic can assist the applications such as influencer ranking
and information recommendation.

• Various experiments are conducted on real-world social network dataset, and
the results demonstrate that our proposed model can achieve better prediction
performance than the state-of-the-art methods.

Our paper is organized as follows. Section 2 reviews the related work.
Section 3 presents the preliminaries. Our model is proposed in Sect. 4. The exper-
iments are presented in Sect. 5, followed by the conclusion in Sect. 6.
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2 Related Work

2.1 Social Recommendation Modeling

Matrix factorization (MF) as well as the variants are widely used in ratings pre-
diction in recommendation system [12]. To enhance the prediction performance
of recommender systems with explicit social information, considerable social rec-
ommendation models are proposed based on matrix factorization [4,8,17,20].
For example, Ma et al. [9] extend the probabilistic matrix factorization model
by additionally incorporating user’s social network information to eliminate the
data sparsity and improve poor prediction accuracy problems. Hereafter, Ma
et al. [8] also propose a social trust ensemble analysis framework by combin-
ing users’ personal preference and their trusted friends’ favors together. Guo et
al. [4] design a trust-based MF technique by considering both the explicit and
implicit influences of the neighborhood structure of trust information when pre-
dicting unknown ratings. Yang et al. [17] design a TrustMF model by integrating
sparse rating data given by users and sparse social trust network among these
same users. Zhao et al. [20] extend BPR by introducing social positive feedbacks
and proposed the SBPR algorithm which achieves better performance in items
ranking than BPR. Tang et al. [14] give a recommendation framework SoDim-
Rec which incorporates heterogeneity of social relations and weak dependency
connections based on social dimensions.

In a word, social context-aware model can take various types of contextual
information (e.g., time, location) into account when making recommendations.
It also provides a way for the prediction tasks based on context dependent.

2.2 Retweet Behavior Modeling

Many studies have been conducted to identify the influence factors of retweet
behavior from different perspectives, including user survey [1,10], data statis-
tics [13]. In summary, these studies have identified that user’s topic interests
and social influence are two important aspects for retweet prediction. Mean-
while, research on user’s retweet behavior prediction is more attractive to lots of
researchers. Representative works include topic-level probabilistic graph model
[6], conditional random field [11], social influence factor graph model [18],
non-parametric Bayesian model [19], matrix factorization [15,16]. The above
approaches mainly use content and/or structure features to predict retweet
behavior. Besides, some works associate with multiple features to predict retweet
behavior [7]. However, these studies focus on exploring user-based and message-
based features to predict retweet behavior based on the assumption that users
and messages are independent and identically distributed. They ignore implicit
side information such as social influence among users and semantic structure
information among messages.

In summary, research on retweet prediction is still room for improvement.
Inspired by social contextual information, we introduce social influence among
users and message semantic among messages to devise our retweet prediction
method.
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3 Preliminaries

Given a message m and a user u, the task of the retweet prediction is to discover
whether u retweet m or not. In this work, we use an M ×N user-message retweet
matrix R = {0, 1} ∈ R

M×N to represent the behaviors of users retweet messages,
in which user ui retweet message mj , Rij is 1, otherwise Rij is 0. Notice that 0s
might either be “true” 0s or missing values.

We utilize Probabilistic Matrix Factorization (PMF) [12] to factorize R into
user latent feature matrix U ∈ R

K×M and message latent feature matrix V ∈
R

K×N . K is the number of latent features. Also, the retweet matrix R can be
approximated by R′ ≈ UT V . The likelihood function of the observed retweetings
is factorised across M users and N messages with each factor as

P (R|U, V, σ2
R) =

M∏

i=1

N∏

j=1

[N (Rij |UT
i Vj , σ

2
R)]I

(R)
ij (1)

where N (·|μ, σ2) is the probability density function of the normal distribution
with mean μ and variance σ2. The indicator function I

(R)
ij is equal to 1 when

user ui retweet message vj and 0 otherwise. The prior distributions over U and
V are defined as

P (U |σ2
U ) =

M∏

i=1

N (Ui|0, σ2
UI), P (V |σ2

V ) =
N∏

j=1

N (Vj |0, σ2
V I) (2)

We then have the posterior probability by the Bayesian inference as

P (U, V |R, σ2
R, σ2

U , σ2
V ) ∝ P (R|U, V, σ2

R)P (U |σ2
U )P (V |σ2

V )

=
M∏

i=1

N∏

j=1

[N (Rij |g(UT
i Vj), σ2

R)]I
(R)
ij ×

M∏

i=1

N (Ui|0, σ2
UI) ×

N∏

j=1

N (Vj |0, σ2
V I)

(3)

This model is learned by maximizing posterior probability, which is equivalent
to minimizing sum-of-squares of factorization error with regularization terms

L =
1
2

M∑

i=1

N∑

j=1

I
(R)
ij (Rij − g(UT

i Vj))2 +
η

2
‖U‖2F +

λ

2
‖V ‖2F (4)

where the logistic function g(x) = 1/(1 + exp(−x)) maps the value of UT
i Vj to

the range (0, 1), η = σ2
R

σ2
U

, λ = σ2
R

σ2
V

and || · ||F denotes the Frobenius norm.
As we have described above, the retweet prediction can be considered as a

matrix completion task, where the unobserved retweetings in matrix R can be
predicted based on the observed retweet behaviors. However, R is highly sparse,
it is extremely difficult to directly learn the optimal latent spaces for users and
messages only by the observed retweeting entries. We argue that social contextual
information can assist in prediction. For example, people with social relations
are more likely to share same preferences, and users pay close attention to their
interested topics. By this idea, we incorporate these social contextual information
into our prediction method.
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4 Social-Aware Prediction Model

4.1 Modeling Social Influence

User’s action can be affected with others in the process of information spread.
For example, whether user like message or not will be affected by the publisher
to some extent. Here, we argue that the user’s retweet behaviors are affected by
his direct neighbors due to social influence in social networks. Thus, we employ
social influence to improve the prediction performance.

We denote the social influence matrix F ∈ R
M×M , in which each entry

Fij represent the strength of social influence user ui has on user uj based on
network structure and interaction behaviors. Similarly, we factorize F into user
latent feature matrix U ∈ R

K×M and factor latent feature matrix Z ∈ R
K×M .

We define the conditional distribution over the observed social influence as

P (F |U,Z, σ2
F ) =

M∏

i=1

M∏

f=1

[N (Fif |g(UT
i Zf ), σ2

F )] (5)

We also place prior distributions on U and F as

P (U |σ2
U ) =

M∏

i=1

N (Ui|0, σ2
UI), P (Z|σ2

Z) =
M∏

f=1

N (Zf |0, σ2
ZI) (6)

We quantify the strength of influence based on network structure and interac-
tion behaviors. Specifically, we first explore the utilization of network structure
to quantify influence. For example, in social network, a user is a high influencer if
he is followed by many users. Based on the idea, we denote the network structure
influence matrix FS

ij with its (i, j)-th entry as

FS
ij =

nin
ui

nin
ui

+ nout
ui

× I
(S)
ij (7)

where nin
ui

is the follower number of ui and nout
ui

is the following number of ui.
The indicator function I

(S)
ij is equal to 1 if uj is a follower of ui and 0 otherwise.

We also measure interaction influence from the user interaction history in
social networks. Similarly, we compute the (i, j)-th entry for the interaction
behavior influence matrix FB

ij as

FB
ij =

∑
y∈Y (i,j)(Aiy − Ai) · (Ajy − Aj)√∑

y∈Y (i,j)(Aiy − Ai)2 ·
√∑

y∈Y (i,j)(Ajy − Aj)2
(8)

where Y (i, j) represents the set of messages accepted by both users ui and uj ,
Ai represents the average acceptance of user ui. To guarantee non negativity, we
use the sigmod function to map Fij into (0, 1).

Finally, social influence from user ui to user uj is calculated as

Fij = g(ρFS
ij + (1 − ρ)FB

ij ) (9)

where ρ ∈ (0, 1) controls the effects of network topology structure and history
of interaction.
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Fig. 2. The graphical representation of (a) PMF and (b) our proposed method.

4.2 Modeling Message Semantic

The findings have been indicated that the content of message is an important
factor when users retweet message [1,10]. We argue that the topic distribution
of messages can reflect user’s personal topic interests. Therefore, we also explore
the utilization of message semantic to improve the retweet prediction.

We introduce the content similarity matrix W ∈ R
N×N to represent message

similarity information. Each entry Wij denotes the similarity score between mes-
sages mi and mj . Similarly, we factorize W into message latent feature matrix
V ∈ R

K×N and factor latent feature matrix H ∈ R
K×N . We then define the

conditional distribution over the observed message semantic as

P (W |V,H, σ2
W ) =

N∏

j=1

N∏

l=1

[N (Wjl|g(V T
j Hl), σ2

W )] (10)

We also place zero-mean Gaussian priors on W and H as

P (V |σ2
V ) =

N∏

j=1

N (Vj |0, σ2
V I), P (H|σ2

H) =
N∏

l=1

N (Hl|0, σ2
HI) (11)

In this paper, we employ GPU-DMM [5] method to infer latent topic struc-
ture of short texts. After performing GPU-DMM, we can represent each docu-
ment with its topic distribution p(z|d). Hence, we can compute content similarity
matrix W based on cosine similarity method between messages mi and mj as

Wij = p(z|di)p(z|dj) (12)

where p(z|di) denotes the topic distribution of message mi.

4.3 Learning and Prediction

Next, we incorporate social influence and message semantic similarity informa-
tion into the framework of probabilistic matrix factorization and solve the opti-
mization. The corresponding graphical model is presented in Fig. 2.
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Based on Bayesian inference, we model the conditional distribution of U , V ,
Z and H over social influence and message semantic similarity as

P (Z,H,U, V |R,F,W, σ2
R, σ2

Z , σ2
H , σ2

U , σ2
V ) ∝ P (R|U, V, σ2

R)

P (F |U,Z, σ2
F )P (W |V,H, σ2

W )P (U |σ2
U )P (V |σ2

V )P (Z|σ2
Z)P (H|σ2

H)

=
M∏

i=1

N∏

j=1

[N (Rij |g(UT
i Vj), σ2

R)]I
(R)
ij ×

M∏

i=1

M∏

f=1

[N (Fif |g(UT
i Zf ), σ2

F )]

×
N∏

j=1

N∏

l=1

[N (Wjl|g(V T
j Hl), σ2

W )] ×
M∏

i=1

N (Ui|0, σ2
UI) ×

N∏

j=1

N (Vj |0, σ2
V I)

×
M∏

f=1

N (Zf |0, σ2
ZI) ×

N∏

l=1

N (Hl|0, σ2
HI)

(13)

Maximizing log-posterior distribution on U , V , Z and H is equivalent to min-
imizing sum-of-of-squared errors function with quadratic regularization terms as

min
U,V

L =
1
2

M∑

i=1

N∑

j=1

I
(R)
ij (Rij − g(UT

i Vj))2

+
α

2

M∑

i=1

M∑

f=1

‖Fij − g(UT
i Zf )‖2F +

β

2

N∑

j=1

N∑

l=1

‖Wij − g(V T
j Hl)‖2F

+
γ

2
‖U‖2F +

η

2
‖V ‖2F +

ϕ

2
‖Z‖2F +

ρ

2
‖H‖2F

(14)

where α = σ2
R

σ2
F

, β = σ2
R

σ2
W

, γ = σ2
R

σ2
U

, η = σ2
R

σ2
V

, ϕ = σ2
R

σ2
Z

, ρ = σ2
R

σ2
H

. In order to reduce
the model complexity, we set γ = η = ϕ = ρ in all of the experiments.

The local minimum of the objective function given by Eq.(14) can be found
by using stochastic gradient descent on feature vectors Ui, Vj , Zf and Hl as

∂L
∂Zf

=
M∑

f=1

g′(UT
i Zf )(g(UT

i Zf ) − Fif )Ui + ϕZf (15)

∂L
∂Hl

=
N∑

l=1

g′(V T
j Hl)(g(V T

j Hl) − Wjl)Vj + ρHl (16)

∂L
∂Ui

=
N∑

j=1

I
(R)
ij g′(UT

i Vj)(g(UT
i Vj)−Rij)Vj +α

M∑

f=1

g′(UT
i Zf )(g(UT

i Zf )−Fif )Zf + γUi

(17)

∂L
∂Vj

=
M∑

i=1

I
(R)
ij g′(UT

i Vj)(g(UT
i Vj)−Rij)Ui + β

N∑

l=1

g′(V T
j Hl)(g(V T

j Hl)−Wjl)Hl + ηVj

(18)

where g′(x) is the derivative of logistic function g′(x) = exp(x)/(1 + exp(x))2.
After learning U and V , an unknown retweet entry can be estimated as UT

i Vj .
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5 Experimental Analysis

5.1 Dataset Description

We use a real-world dataset collected from Weibo which is a social network in
China like Twitter. Weibo allows user to generate following and follower rela-
tionships, and retweet the interested message posted by other people. In this
paper, we use publicly available Weibo dataset to evaluate the validity of our
proposed method [18]. The dataset contains the content of message, the relation-
ships of user’s following and follower, and the information of retweet behaviors.
The data statistics are illustrated in Table 1. It can be seen from the statistical
results that user behaviors data are very sparse on social networks.

Table 1. Retweet data statistics

Dataset #Users #Tweets #Retweets #Relations Density

Weibo 1,787,443 300,000 23,755,810 308,489,739 0.005%

5.2 Comparative Algorithms

We compare our method (RPSC) with the following baseline algorithms.

• PMF: This method doesn’t take into account social contextual information
and only uses user-message matrix for the retweet prediction [12].

• LRC-BQ: The method designs social influence locality based on pairwise
influence and structural diversity, and adds the basic features and influence
locality features into the logistic regression to predict retweet behavior [18].

• MNMFRP: This method measures the social relationship strength based on
network structure and interaction history, and introduces social relationship
regularizer under non-negative matrix factorization to predict retweets [16].

• HCFMF: The model provides a co-factor matrix factorization by modeling
message co-occurrence similarity based on microblog content, word semantic
similarity based on word embeddings, and user social similarity based on
author information into collaborative filtering when predicting retweets [15].

We also consider the variants of the proposed model to verify the effectiveness.
Let Lo = 1

2

∑M
i=1

∑N
j=1 I

(R)
ij (Rij − g(UT

i Vj))2 + γ
2 ‖U‖2F + η

2‖V ‖2F , then we have

• RPSC-U: This method only considers user’s social influence information in
our proposed model. The adjusted function is

L(R,U, V, Z) = Lo +
α

2

M∑

i=1

M∑

f=1

‖Fif − g(UT
i Zf )‖2F +

ϕ

2
‖Z‖2F (19)

• RPSC-M: This method only utilizes message semantic information for the
proposed model. The degenerated function is

L(R,U, V,H) = Lo +
β

2

N∑

j=1

N∑

l=1

‖Wjl − g(V T
j Hl)‖2F +

ρ

2
‖H‖2F (20)



324 B. Jiang et al.

10-410-2100

Parameter 

0.76

0.77

0.78

0.79

0.8

0.81

0.82

M
A

E

20% as training data 40% as training data 60% as training data 80% as training data

10-410-2100

Parameter 

0.97

0.98

0.99

1

1.01

1.02

R
M

S
E

10-410-2100

Parameter 

0.77

0.78

0.79

0.8

0.81

0.82

M
A

E

10-410-2100

Parameter 

0.97

0.98

0.99

1

1.01

1.02

R
M

S
E

Fig. 3. MAE and RMSE vs. α, β on the different training data settings.

5.3 Evaluation Measures

For the evaluation metrics, we use the Mean Absolute Error (MAE) and the
Root Mean Square Error (RMSE) to measure the model accuracy, defined as

MAE =

∑
Rij∈R |Rij − UT

i Vj |
|R| , RMSE =

√∑
Rij∈R(Rij − UT

i Vj)2

|R| (21)

where Rij denotes the retweet value given message mj by user ui. |R| denotes the
number of tested entries. A smaller MAE or RMSE means a better performance.

We also employ Precision, Recall, and F1-score to evaluate whether user
retweets or not when receiving message. A simple strategy is that hide some
observed entries as unobserved entries for evaluation, and perform classification
after training. We perform 5-fold cross validation and report their average values.

5.4 Parameter Settings

Tradeoff Parameters. In our proposed model, the parameters α and β are used
to control the strength of social influence and the weight of message semantic
respectively, and the rest parameters γ, η, ϕ and ρ is used to prevent overfitting.
In this paper, we use different amounts of training data (20%, 40%, 60%, 80%) to
find the optimal values of parameters. From the results shown in Fig. 3, we can
see that MAE and RMSE gradually decrease and achieve the best performance
when α is around 10−2. Hence, we set α = 10−2 for the following experiments.
Meanwhile, the impact of β shares the same trends as α. We thus set β = 10−2.
We also conduct the extensive experiments and observe similar results with γ,
η, ϕ and ρ. We directly give γ = η = ϕ = ρ = 10−2 due to the space limitation.

Number of Latent Features. The dimensionality of latent factor indicates
the power of feature representation, and the proper dimensionality can be more
effective to predict the retweet behaviors. Thus, we train latent feature matrices
U , V , Z and H to find the optimal latent space to represent users and messages.
In this paper, we use different training datasets to discover the appropriate K.
From the results shown in Fig. 4, we can observe that MAE and RMSE decreases
gradually when the latent feature K increase. Finally, we choose K = 100 as the
feature dimension in our experiments due to computational cost.
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Fig. 4. MAE and RMSE vs. Latent Feature on the different training data settings.
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Fig. 5. MAE and RMSE vs. Iteration on the different training data settings.

Number of Iterations. Minimizing the objective function of our proposed
method need to seek a proper number of iterations so that the algorithm has a
better convergence performance while avoid overfitting. In this paper we try to
the different number of iterations with various proportions of training data. The
MAE and RMSE values are recorded in each iteration, shown in Fig. 5. From
the results, we can conclude that MAE and RMSE values decrease gradually
when increasing the number of iterations. Finally, we choose a limited number
of iterations (i.e., 100) as the stop condition of our method.

5.5 Performance and Analysis

The underlying intuition that whether user retweet message or not is a binary
value. Thus, in this section, we are consider the problem of retweet prediction
as the task of classification. Specifically, we use the learned approximate entries
as feature for Näıve Bayes classifier, and then evaluate the performance of our
model and other baselines on the different training data settings. The experi-
ment results on social network data are shown in Table 2. From the results, we
can draw the following observations: (1) our proposed method outperforms all
the other baseline methods on the different training datasets and improves the
user’s retweet prediction to some extent; (2) HCFMF, MNMFRP and RPSC
outperforms PMF, which demonstrates that utilizing social contextual informa-
tion is more effective than simply ignore such social context; (3) the relative
improvement of HCFMF, MNMFRP and RPSC over LRC-BQ shows that the
matrix factorization method is more suited to the retweet prediction task; (4)
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among the RPSC variants, RPSC-U performs better in improving prediction
performance in terms of F1-score, indicating that social influence contributes
more than message semantic. The possible explanation is that social influence
comprehensively reflects user behavior patterns. In summary, these results sug-
gest that our proposed model can achieve the better performance by casting the
prediction problem into the solution of probabilistic matrix factorization with
combining social contextual information.

Table 2. Performance of retweet prediction with different training data settings.

Method 60% as training data 100% as training data

Precision Recall F1-score Precision Recall F1-score

PMF 0.484 0.434 0.458 0.584 0.534 0.558

LRC-BQ 0.518 0.677 0.587 0.698 0.770 0.733

MNMFRP 0.674 0.715 0.694 0.796 0.791 0.793

HCFMF 0.787 0.805 0.796 0.802 0.834 0.818

RPSC-U 0.791 0.811 0.801 0.804 0.847 0.825

RPSC-M 0.785 0.815 0.799 0.799 0.829 0.814

RPSC 0.801 0.827 0.814 0.806 0.853 0.829

6 Conclusion

In this paper, we propose a novel model to predict user’s retweet behaviors
based on probabilistic matrix factorization method, in which incorporates social
influence learned from network structure and user’s interaction behavior and
message semantic obtained by modeling the topic distribution of the message.
Then we combine user-user social influence and message-message semantic sim-
ilarity regularization terms to constrain objective function under probabilistic
matrix factorization. To validate the effectiveness and efficient of our model, we
construct extensive experiments. The experimental results reveal that the pro-
posed method can effectively improve the accuracy of retweet prediction compare
with the state-of-the-art baseline methods. As future work, we plan to extend
this work incorporating time delay factor between the posted message and the
received user and explore how the deep learning model can be employed so that
the feature vectors of users and messages can be further learned efficiently.
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