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Abstract—Microblogging, as a new form of social media,
attracts a huge number of users and becomes very popular.
In this paper, we consider a fundamental social network issue
that illustrates how information flows through a social media
network and specify why users have different retweet behaviors.
We propose to characterize social ties by using various features
such as power ratio, local link structure, location, and gender.
Those features can be directly extracted from users’ profiles
in Microblogging sites. We apply a fitted Log-linear model to
describe association patterns among the features and retweet
factor. Using the fitted Log-linear model, we explain why users
with different profiles and link structures have different retweet
behaviors. Our evaluations on Sina Weibo data set show several
phenomenons.

I. INTRODUCTION

Microblogging, such as twitter, has attracted a huge number
of users and become increasingly popular. Microblogging is
a mixture of social networks and traditional mass media.
In Microblogging, a user can tweet any topic within 140-
character limit or share pictures. Retweet is a function that
the user can forward messages to his wall and then share them
with his followees. The retweet mechanism empowers users
to spread their ideas beyond the reach of the original tweet’s
followers.

In this paper, we consider a fundamental social network
issue that illustrates how information flows through a social
media network. We first characterize the social tie relationships
between followers and followees. We categorize the social tie
relationship into three categories: strong tie, weak tie, and
power tie. We expect that the different tie relationships have
great influences on whether a user would retweet messages to
his followers. One problem is that we do not know explic-
itly the social tie between two individuals with a following
relationship in Microblogging. We propose to characterize
social ties by using various features such as power ratio, local
link structure, location, and gender. Those features can be
directly extracted from users’ profiles in Microblogging sites.
We then apply a fitted Log-linear model to describe association
patterns among the features and retweet factor. Using the fitted
Log-linear model, we can obtain not only the single-factor
effects but also two-factor or higher order-factor effects, which

captures interactions that users with different profiles and link
structures have different retweet behaviors.

II. RELATED WORK

Recently, there has been a growing body of research that
focused on network structure and user behavior change over
time in information diffusion. The majority of those work
is based on the presence of social influence and homophily
effects in real social networks. For example, in [1], Singla et
al. revealed that in an instant messaging environment users
who often chat with each other are more likely to share
similar interest than a random pair of users. In [2], Crandall
et al. developed methods for identifying and modeling the
interactions between social influence and homophily. However,
it is difficult to distinguish social influence and homophily
effects in social network.

In [3], Wu et al. studied the problem of “who says what
to whom” on Twitter and found that the media produced
the most information and celebrities were the most followed.
In [4], Romero et al. investigated different topics spread on
Twitter and found there exist different mechanics of spread
and structures. In [5], Nagarajan et al. analyzed the properties
of the retweet behavior surrounding the most tweeted/viral
content pieces and found a clear relationship between retweet
pattern and the content of a tweet. In [6], Yang et al. inves-
tigated retweet behavior and proposed a factor graph model
to predict it based on these observations. In [7], Macskassy,
and Michelson studied retweet behaviors in microbolgs. They
presented several models to evaluate and found that when
taken homophily, or similarity, into account in the model, it
can fit the observed retweet behavior much better. In this paper,
we study information diffusion based on different types of ties
in media social network, and analyze why users with different
types of ties have different retweet behaviors.

III. SOCIAL TIE AND INFORMATION DIFFUSION

In Microblogging, a user can follow or be followed by
others. Let A→ B denote the following relationship that user
A is following user B (or user B is followed by user A). User
B is also called as followee of user A and user A is called as
follower of user B. Being a follower means that the user can



receive all the messages from those he or she follows. Note
that user A can also be followed by other users (denoted as
C). For each user C ∈ C, we have A← C.

In Microblogging, user A can automatically receive mes-
sages posted on the wall by his followee B. For some
messages received by user A from his followee B, user A
may further forward them to all his followers (C). Through
this process, we can observe information is disseminated in
the network. We should point out that the edge orientation
of the following relationship is opposite to the direction of
information diffusion. In the relationship A→ B, information
flows from user B to user A.

Fig 1 shows an instance. For Bob, his followees are Carol,
Fred, Harry, and Greg, shown in the circle with the red dotted
line. His followers are Alice, Dave, Greg, and Harry, shown
in the circle with the green dotted line. Note that there exists
a subset of users, such as Greg and Harry, who are not only
Bob’s followees but also his followers.

Fig. 1. An example in social media network

In this paper, we focus on one key question: for each
following relationship A → B, what factors affect the user
A’s decision on wether to forward messages from B to his
followers C. We expect the social tie between user A and user
B plays an important role in addition to features purely related
to messages.

A. Social Tie

In social media networks, the following relationships be-
tween individuals could be very different. Researchers often
categorize the relationships based on the strength of the
interpersonal ties. In [8], Granovetter defined the strength of a
tie as a (probably linear) combination of the amount of time,
the emotional intensity, the intimacy (mutual confiding), and
the reciprocal services which characterize the tie. Granovetter
further stated that both strong tie and weak tie exist in social
networks. Strong tie is the relationship that two individuals in-
vest time and emotions each other to keep. Typical examples of
strong ties include friendship and familial relationship. Weak
tie, by contrast, entails more limited investments of time and
intimacy, such as social acquaintance. It is usually regarded
as a bridge between disconnected social communities, and it
is useful for users to accept the information as it takes some
novel ideas.

In Microblogging, there exists the third type of social tie
called power tie. In power tie, two individuals have different
social status and authority. For example, an ordinary user links

to the authority figure such as a superstar. Power tie is different
from strong tie or weak tie. First, the power difference is
significant because the authority figure has a larger influence.
Second, it is asymmetric in information diffusion. In power tie,
ordinary users are more likely to retweet information from a
person with high status whereas authority figures are less likely
to retweet information from ordinary users.

B. Features

Social ties have great influences on users’ retweet behaviors,
however, we do not have the social tie information directly
maintained in social media networks. In this paper, we propose
to examine users’ retweet behaviors by using various features
(power ratio, link structure, location, and gender) that are
highly correlated with social ties and can also be obtained
from user profiles in online Microblogging sites. A user profile
often contains location, gender, number of followers, number
of followees, and number of tweets.
Power Ratio. In a social media network, two users with a
following relationship A→ B may have different social status
in different types of ties. For example, in strong tie or weak tie,
users often have equal status, while in power tie, the authority
figure has higher status. We define the power ratio to compare
the status of two users based on their numbers of followers.
Recall that a user with a large number of followers often has
high status. The power ratio p for a following relationship
A→ B is defined as:

pA→B =
#Follower of B
#Follower of A

(1)

It reflects the power difference between the follower A and
the followee B. A large pA→B indicates that the status of
user B is significantly higher than the status of user A. In
our paper, we discretize pA→B into three categories: Small,
Medium, and Large. In our evaluation, we consider pA→B

Small when pA→B < 4, Medium when 4 ≤pA→B < 100, and
Large when pA→B ≥ 100.
Link Structure. From the follower list and the followee list
of a user, we can further derive the topological graph G where
each node is an individual and a directed edge A → B
corresponds to a following relationship from user A to user
B. The neighborhood structure of link → B can indicate the
social tie between user A and user B. For two users with a
power tie relationship, we often observe one-way following
relationship A→ B. An ordinary user A follows an authority
figure B while B does not follow A. However, for two users
with either a strong tie or a weak tie, they often follow each
other. We have A↔ B, which indicates users A and B have a
friend relationship. To distinguish whether A↔ B is a strong
tie or a weak tie, we take into consideration of all other persons
with either following or being-followed relations to either or
both of them. Our hypothesis is that: the stronger the social
tie between A and B, the larger the proportion of individuals
to whom they will both be followed. In our paper, we treat
A↔ B as a strong tie if there exists a third user C with both
A ↔ C and B ↔ C, and as a weak tie otherwise. Figure 2
shows the link structure patterns of three categories.



Fig. 2. Three different patterns in link structure feature

Location Factor. We take the location factor to distinguish
different types of social ties. For example, in family relation-
ship, two users often live in the same city and close to each
other, however, in power tie, the geographical distance does not
have much influence. In this paper, we determine the distance
of two users by the city and province from user profiles. We
categorize A→ B based on location factor in three categories:
Near, Medium, and Far, which represents cases the same city,
the same province, the different provinces, respectively.
Gender Factor. We consider the gender factor to examine
whether male users have different retweet behaviors from
female users. We categorize A→ B based on gender factor in
four categories: MM, MF, FM, and FF, where, for example,
MF represents user A is male and user B is female.

TABLE I
THE DESCRIPTION OF ALL FACTORS FOR EACH FOLLOWING

RELATIONSHIP A→ B .

Feature Domain Value
A Power Ratio Small,Medium,Large
B Link Pattern I,Pattern II,Pattern III
C Location Near,Medium,Far
D Gender MM,MF,FM,FF
E Retweet Yes,No

All features shown above can influence user’s retweet
behavior. Actually, they all result from homophily and social
influence processes to distinguish social ties. Table I shows
these features and their domain values. In Section IV, we will
apply the Log-linear model to examine associations among all
features and user’s retweet behavior.

IV. LOG-LINEAR MODEL

Log-linear model [9] is the statistical method to model
categorical variables and their relationships through a set of
estimation and modeling strategies. Log-linear model deals
with multi-way contingency tables. In the data mining area,
Log-linear modeling has been applied to multi-item associa-
tions [10] and data cube exploration [11]. Here we use Log-
linear model to interpret the interaction effects among retweet
and other factors.
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Equation 2 shows the saturated Log-linear model for a data set
with 5 attributes: A (1, . . . , I), B (1, . . . , J), C (1, . . . ,K), D
(1, . . . , L), and E (1, . . . ,M). We use I, J,K,L,M to denote
the number of domain values and i, j, k, l,m to denote the
index of domain values for dimensions A, B, C, D, and E,
respectively. yijklm denotes the number of cases in the cell
ijklm. The saturated model includes one 5-factor effect, all
possible 4-factor effects, and so on up to the 1-factor effects
as well as the mean γ. Equation 3 shows the linear constraints
among coefficients. The constraints specify that the Log-linear
parameters sum to 0 over all indices.
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In the Log-linear model, the γ-term coefficient captures
the interaction effect among variables. γAi is a 1-factor ef-
fect which shows parameters in A= i(1, . . . , I), and γAB

ij

is a 2-factor effect which reflects the interactions between
A= i(1, . . . , I) and B= j(1, . . . , J). The 1-factor γ terms
are analogous to main effects, and the 2-factor γ terms are
analogous to 2-factor interactions. When γAB

ij is large, it
indicates a strong interaction between variable A with value
Ai and variable B with value Bj .

We need to select a simple Log-linear model to fit the
data as the saturated model includes all weak coefficients. For
example, if γAC is close to zero, we can simply remove it
from the fitted model. Our goal is to derive a fitted model
such that it is complex enough to provide a good fit to the
data and is simple to capture all significant effects without
overfitting the data. In [12], Goodman et al. presented a fitting
strategy that first fits the saturated model and screens out those
insignificant γ terms from the saturated model. A γ term is
considered as insignificant if all estimate γ values are small
compared to their estimated standard errors σ(γ). The ratio
γ/σ(γ) is called a standardized parameter estimate. A large
standardized parameter provides evidence that the true value
γ is significant. In this paper we take this strategy and use the
threshold 2.0 (corresponding 95% confidence level) to derive
our fitted model.

V. EMPIRICAL EVALUATION

In this section, we first introduce how to extract our data by
crawling the Sina Weibo. We then apply the Log-linear model
to fit out data and interpret multi-way interactions between
features and retweet attribute. Sina Weibo attracts a huge
number of users and is the largest Microblogging in China.
It has many similar features as Twitter. We randomly select a
set of 3,430 seed users and crawl their followees during May
2011 and July 2011. The active threshold θ = T

R is set as 2
where where T and R represent the number of tweets and the



number of days from registration time, respectively. At last our
data set contains 3,430 seed users, 171,769 active followees,
and 702,789 active edges (following relationships). We extract
the information about whether a user has rewteeted messages
from his or her followees, and get 185,327 retweets. Finally we
get a contingency table that contains five categorical attributes
and 216 cells. The descriptions of each attribute and their
domain values are shown in Table I. For example, feature A
corresponds to the power ratio and its index value, 1, 2, and
3 represents Small,Medium, and Large, respectively. Note that
each cell value corresponds to the number of occurrences of
A→ B with the corresponding dimension values.

A. Log-linear model

In this section, we apply Log-linear model to fit our data
set. For those cells with zero values, we follow the common
strategy by replacing zero with 0.5. Equation 4 shows our
fitted model.

logŷfitted
.
= γ + γAi + γBj + γCk + γDl + γEm + γAB

ij

+γAC
ik + γAD

il + γAE
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We can see our model includes γ-terms that capture all signifi-
cant interactions among features and retweet. The fitted model
contains four three-factor effects, eight two-factor effects, all
one-factor effects and grand mean. Two two-factor effects are
not included in this model as the effects are not significant.
Our model is a non-hierarchical model. Hierarchical models
are nested models in which when an high-factor interaction is
present, all interactions of lower order between the variables of
that interaction are also present. Non-hierarchical model can
better capture the interactions among factors. We also built two

TABLE II
GOODNESS-OF-FIT OF THREE MODELS.

Model χ2 Degree of Freedom
Independence model 365745.3 205

Pairwise model 5625.2 166
Our model 4390.1 157

simple Loglinear models: the independence model that only
includes one-factor effects and grand mean, and the pairwise
model that includes all two-factor effects, all one-factor effects
as well as grand mean. Table II shows the comparison of our
fitted model with the independence model and the pairwise
model for Sina Weibo data set. The likelihood ratio and the
degree of freedom clearly indicate that our fitted model is
better than the independence and pairwise model.

B. Interpreting Interaction Effects

In this paper, we concentrate on the interaction effect
between other factors (denoted as variables A-D) and retweet
(denoted as variable E). Our fitted model shown in Equation 4
includes the one-factor effect (γE), two two-factor effects
(γAE , γBE), and three three-factor effects (γABE , γBCE ,
γBDE). Our fitted model does not include any two-factor

effects involving the gender factor or the location factor. It
indicates that neither gender nor location has any significant
effect on information diffusion solely. The main effect γE1 =-
0.62, which is significantly negative and indicates the number
of links with retweet is smaller. In our following discussions
we focus on the interaction effects in which the value of
retweet factor is Yes. The interaction effects involving the
retweet factor as No can be derived from constraints shown in
Equation 3. For example, from γE1 , we can infer γE2 =-γE1 as∑
γEm=0.

The effects between the power ratio and the retweet factor
are as follows: γAE

11 =-0.414, γAE
21 =-0.009, and γAE

31 = 0.423.
The interaction effect increases with the power ratio. Recall
that γAE

31 indicates the interaction between the power ratio
(with value Large) and retweet factor (with value Yes). The
maximum difference is sharp and reaches 0.837, which indi-
cates the interaction between the power ratio and the retweet
factor is strong. Users with a larger power ratio tend to have
more retweets. It provides evidence that the power ratio has a
significant impact on information diffusion.

The effects between the link structure and the retweet factor
are as follows: γBE

11 =0.291, γBE
21 =-0.244, and γBE

31 = −0.047.
We can observe from γBE

11 =0.291 that retweets occur most eas-
ily among following relationships in Pattern I. This is because
that in Pattern I, users are often from the same community
and can accept information easily from their followees due to
the mutual trust relationship. By contrast, from γBE

21 =-0.244,
we can observe that for users in Pattern II, often come from
different communities and tend not to retweet messages. We
also observe γBE

31 = −0.047 that users in Pattern III are
neutral to retweet messages received from his authority figures.

TABLE III
INTERACTIONS AMONG POWER RATIO, LINK STRUCTURE, AND RETWEET

Link Structure
Pattern I Pattern II Pattern III

Small .078 .063 -.141
Power Ratio Medium -.114 .119 -.005

Large .036 -.182 .146

Table III shows the interaction effects among the link
structure, the power ratio, and the retweet factor. In Pattern
I, the difference is small(< 0.2), which indicates that power
ratio has weak impact on retweet behavior. We can interpret
that when power ratio is small, there exist lots of strong ties.
However, as power ratio becomes large, the number of power
ties increases. Two types of ties can promote information
diffusion when they are from same communities. In Pattern
II, γABE

321 =-0.182, it indicates that retweet becomes difficult
when the power ratio is Large. The reason is that when facing
different communities, users are against the powerful figure
more strongly than the ordinary person. In Pattern III, γABE

131 =-
0.141, γABE

331 =0.146. The maximum different reaches 0.287
and is significant. It indicates that retweet gets easy as the
power ratio becomes large. That is because in Pattern III it
only contains power ties. The larger power ratio, the more



power ties.

TABLE IV
INTERACTIONS AMONG LINK STRUCTURE, LOCATION, AND RETWEET

Link Structure
Pattern I Pattern II Pattern III

Near .133 -.128 -.005
Location Medium -.045 -.051 .096

Far -.088 .179 -.091

TABLE V
INTERACTIONS AMONG LINK STRUCTURE, GENDER, AND RETWEET

Link Structure
Pattern I Pattern II Pattern III

MM -.080 .111 -.031
Gender MF -.141 .215 -.074

FM .043 -.062 .019
FF .178 -.264 .096

Table IV shows the interaction effects among the link
structure, the location, and the retweet factor. In Pattern I,
users are more likely to retweet messages if both the follower
and the followee are from the same city ( Near location). In
Pattern II, it is interesting that the situation is reverse and
γBCE
231 =0.179. We can interpret that in the Far location it

contains more novel information than in the Near. Users have
strong curiosity on novel information when facing different
communities. In Pattern III, the location factor has weak
impacts on retweet. That is because that establishing an power
tie is hardly restricted by geographical distance.

Table V shows the interaction effects among the link
structure, the gender, and the retweet factor. In Pattern I,
we can observe that γBDE

121 =-0.141, and γBDE
141 =0.178. The

maximum difference reaches 0.319. It indicates in Pattern
I the gender factor significantly influences retweet behavior.
We can also observe that females are more likely to retweet
than males. In Pattern II, the situation is different. We can
see that γBDE

221 =0.215, and γBDE
241 =-0.262. The difference is

sharp, which indicates males are more likely to retweet. In
Pattern II, the users are often from different communities and
males have stronger curiosity to retweet novel information
(especially from females) than females.

VI. CONCLUSION AND FUTURE WORK

In this paper, we have characterized social ties using ex-
tracted features from user profiles and have applied the Log-
linear model to examine the multi-way interactions between
features and user retweet behavior. The fitted Log-linear model
represents the intrinsic causality of social interaction effects
via statistical dependencies. Our evaluations on Sina Weibo
showed several interesting phenomenons. For example, in
strong tie, information diffusion becomes easy due to the
relationship of trust. In power tie, the information easily flows
from the authority figures to the ordinary people because of
obedience to authority, however, when facing the powerful
figures with different value, users oppose them more strongly

than the ordinary person. Furthermore, we find that females
are more conservative and likely to retweet messages from
friends or superstars, however, males are more open-minded
and likely to retweet messages from non-friend users. In our
future work, we will incorporate more features in our Log-
linear modeling. For example, we will consider the inclusion
of hobbies of followers and followees. In this paper, we
focused on retweet behavior without considering the content of
messages. We would use topic modeling techniques to extract
topics of messages. We are also interested in exploring how
users retweet behavior changes dynamically.
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