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With the development of Web 2.0, the emergence
of blogs, forums makes the Internet to main-
tain substantial amounts of user behavioral data.
These data are rich and valuable, and mining use-
ful information from massive data has become a
popular research. We can acquire an understand-
ing of the distribution of public behavior based on
analysis of user behavior. Therefore, retweet pre-
diction is one of the important research fields in
social network analysis, information dissemination
and public opinion mining.

In recent years, scholars have conducted exten-
sive research on the information retweeting be-
havior on online social networks [1]. Although
retweeting prediction has achieved significant re-
search results, there are still some challenges.
First, inaccurate calculation. There can be a huge
number of data in social networks, but useful in-
formation is extremely sparse, creating difficul-
ties for the precise calculation of attributes. Sec-
ond, network dynamics. Online social networks
have both static and dynamic properties. In gen-
eral, nodes and edges of the network change over
time, while traditional research has considered net-
works as static, resulting in what is known as the
static problem of dynamic network [2]. Third,
topic timeliness. Hotspots in social networks typi-
cally undergo evolution in a process of generation,
development, and extinction. In hotspots evolu-
tion, participation in different stages of the topic
is uneven. Regarding uneven data, how to predict

user behavior has become the primary difficulty in
retweeting prediction research.

Motivated by the above challenges, we propose
a prediction method with the advantages of ten-
sor decomposition in feature extraction. We first
construct a model of “hot user-alternative user-
interactive behavior” based on tensor decompo-
sition in data space and projection to solve the
problem of inaccurate calculation caused by data
sparsity. Then, Time decay function is introduced
to optimize the calculation of user interaction dy-
namically. Finally, a prediction method that in-
volves user retweeting behavior based on logistic
regression is proposed. And it can solve the prob-
lem of uneven user interaction regarding hotspots
with time slices and discretization.

Proposed method. To solve the above problems,
a method of user retweeting prediction is proposed
based on user information, behavioral and rela-
tional data. The details of this method are in-
troduced in three stages, influence quantification,
dynamic modeling, and retweeting prediction, as
shown in Figure 1. In the first stage, three fac-
tors affecting user behavior are quantified, and
two driving mechanisms are defined to represent
them. In the second stage, we move to dynamic
modeling based on the relationship data to analyze
the influence of friends on user interaction. In the
third stage, the time slices and discretization are
used to deal with the hotspots life cycle, and the
user retweeting prediction model is constructed to
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Figure 1 (Color online) Framework for user retweeting
prediction.

predict the behavior of the user.

(i) Influence quantification. In social networks,
a user will forward the content of hotspots based
on the influence of a friend. Sometimes, according
to user interests, users will participate in a discus-
sion of hotspots spontaneously. This shows that
diverse factors affect user behavior. First, we in-
troduce internal driving mechanism. Whether a
user would retweet a topic is usually related to the
user own characteristics, such as user activity or
interest. The factors related to the user character-
istics are defined as factors influenced by internal
driving mechanisms. The specific description is
given as follows.

(1) User activity. The activity of alternative
user vj is defined as activity(vj) = α ·origNum(vj)
+ β · retwNum(vj), where origNum(vj) and
retwNum(vj) are the original and the retweeting
numbers, respectively, of alternative users of the
latest month before the topic was launched. α, β
are adjustable parameters with α, β ∈ [0, 1]. And
hot users are the users who participate in hotspots
time period t, alternative user vj is one of the fans
of hot users in hotspots time period t.

(2) User individual factors. Whether a user
would retweet information on a topic is related to
his or her inherent attributes. We refer to these
inherent attributes as user individual factors. The
inherent attributes of alternative user vj include
CountofFans(vj): the number of fans of alter-
native user vj , CountofIdol(vj): the number of
friends of alternative user vj , and CountofHU(vj):
the number of participant users followed by alter-
native user vj .

Second, external driving mechanism is intro-
duced. Since a user participates in the discussion
of a topic based on the influence of friends, and the
influence of friends can be quantified by the inter-
action between users, we refer to the factors that
affect user behavior as user interaction. As user in-
teraction is quantified based on user relationships,
it is defined as the factors influenced by external
driving mechanism. The interaction between the
hot user and the alternative user is defined as

strengthInteract(ui, vj)

= Iij

K
∑

k=1

3
∑

b=1

interact(blogkb),

where

Iij =

{

1, ui is friend of vj ,

0, others,

is an indicator function, blogkb indicates that al-
ternative user vj has retweeted or commented his
friend’s (ui) k-th microblog, K is the total number
of microblogs of hot user ui and

interact(blogkb) =































1, alternative user vj parti-

cipated in hot user ui’ s

k-th blog based behavior

b (retweet, comment),

0, others.

(ii) Dynamic modeling. In social networks,
users interact with each other through social re-
lations. However, the intensity of interaction be-
tween users will change with the growth of users
life experience or changes in interests. That is,
interaction between users in social networks has
aging characteristics. These characteristics result
in the interaction between users having the form of
an exponential decline. To quantify the influence
of interaction on user behavior dynamically, an ex-
ponential decay function is introduced to optimize
the calculation of user interaction:

strengthInteract(ui, vj)

= Iij

K
∑

k=1

3
∑

b=1

interact(blogkb)

= Iij

K
∑

k=1

3
∑

b=1

Ikbe
(−(1+κ·(t−tk))),

where

Ikb =











1, alternative users participate in the hot

user’s k-th blog based behavior b,

0, others,
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t is the current time of the hotspots, tk is the time
that the hot user published the k-th microblog,
and κ is the adjustable parameter.

The interactions between users is calculated
based on explicit relationships, but the data spar-
sity problem of user interaction behavior is not
solved. We construct the 3-order tensor A ∈
RI×J×K of “hot user–alternative user–interactive
behavior”, and we take advantage of the charac-
teristics of tensor decomposition in data space and
projection to resolve the data sparsity of user in-
teraction behavior, where I is the dimension of
hot users, J is the dimension of alternative users,
and K is the dimension of interaction between
users. The high-order singular value decomposi-
tion (HOSVD) [3] model is used to factorize the
user interaction tensor. The 3-order user interac-
tion tensor A is decomposed into three factor ma-
trices U (1), U (2), U (3), and a core tensor S, and
the following calculations are required.

(1) The three matrix unfolding operations are
defined as follows: A(1) ∈ RI×(JK), A(2) ∈

RJ×(KI), A(3) ∈ RK×(IJ), where A(1), A(2) and
A(3) are called the 1-mode, 2-mode, and 3-mode
matrix unfolding of A, respectively.

(2) Singular value decomposition (SVD) is ap-
plied to each A(n), 1 6 n 6 3. The SVD decompo-
sition of the 1-mode matrix unfolding is as follows:
A(1) = UI×I · ΣI×JK · V T

JK×JK .

The c1 (c1 ≺ min{I, JK}) most important
features is used to reconstruct the matrix Â(1):

Â(1) = UI×c1 ·Σc1×c1 ·V
T
c1×JK = U (1) ·Σ(1) ·V T(1).

Similarly, Â(2) = UI×c2 · Σc2×c2 · V T
c2×JK =

U (2) · Σ(2) · V T(2), and Â(3) = UI×c3 · Σc3×c3 ·

V T
c3×JK = U (3) ·Σ(3) ·V T(3) can be obtained, where

c2 (c2 ≺ min{J,KI}) and c3 (c3 ≺ min{K, IJ})
are the numbers of important features of matrix
A(2) and A(3), respectively.

(3) The core tensor is calculated based on the
left singular matrix obtained in step (2). S =
A×1U

(1)T×2U
(2)T×3U

(3)T.

(4) The user interaction tensor is reconstructed
based on the core tensor obtained in step (3).
Â = S×1U

(1)×2U
(2)×3U

(3).

The element {u, v, b, strength} of Â indicates
that based on the behavior b, the interaction
between hot user u and alternative user v is
strength. We can calculate the interaction
of hot and alternative users using the results
of approximate tensor. friendInteract(u, vj) =
ΣN

i=1strengthInteract(ui, vj). The N is the dimen-
sion of hot users.

(iii) Retweeting prediction. In addition to the
influencing factors of the different driving mech-
anisms mentioned above, a user retweeting pre-
diction model is proposed based on logistic re-

gression. The function is defined as: P (r|x) =
1

1+e−θTx
= 1

1+e−(θ0+θ1x1+θ2x2+θ3x3+θ4x4+θ5x5) , where

xi refers to influencing factors mentioned above.
The parameters θi can be updated using gradi-
ent descent. It is assumed that when the value of
P (r|x) is greater than the threshold ε, the alter-
native user will retweet the hotspots information
in the next period; otherwise, the alternative user
will not retweet the topic information.

Experiment. An experiment is carried out with
a real dataset, Tencent microblog, to verify the
effectiveness of our method. We use Hawkes pro-
cess [4], learning to rank [5], collaborative filter-
ing [6], and factor graph [7] for comparison with
our method. Considering different evaluation met-
rics (precision, recall and F1-measure), the method
we proposed has better predict effect.

Conclusion. We divide users into hot and al-
ternative users based on interactive data of social
networks. We try to predict the behavior of alter-
native users based on basic information, relational
data, and previous behavioral data. Then, time
decay function is introduced to calculate the in-
teraction strength between users using interaction
data. The effects of user interaction are mined by
using a model of tensor decomposition. Finally,
the behavior of alternative users can be predicted
based on logistic regression combined with the fac-
tors mentioned.
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