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Abstract One of the key foundations of personalized recommendation in a social
network is the relationship strength between social network users. The improvement
for recommendation accuracy is mostly tied to the precise evaluation of the relationship
strengths. With most of the selected factors affecting the relationship strength between
users are too simple, the existed researches show low accuracy in calculating the
strength, especially those factors related to topic and indirect links. We propose an
online social networks users relationship strength estimation model which incorporates
topic classification and indirect relationship. We adopt K-means clustering method
using ABC algorithm to cluster all the interactive activity documents and calculate
the correlation between clusters and activity topic name. After that, we compute the
relationship strength between users which belong to the same topic on top of the user
profile and interaction data. To accomplish this we employ a language model based on
sentiment classification approach and take similarity, timeliness, and interactivity into
account. We conduct experiments on two microblog datasets and the results show that
the proposed model is promising and can be used to improve the performances of
various applications.
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1 Introduction

With the rapid development of Internet technology and wireless communication technology,
Online Social Networks (OSNs), such as Facebook, Microblog, Myspace and Twitter are
playing an increasingly important role in our everyday life [21]. We can use social networks to
connect with our family, friends or colleagues, to share the content such as photos with others,
to gossip, and to obtain real- time up-to-date information of the news and events that are most
important to us [20]. So far, the number of online social networks users has already reached
1400 million in 2012. In China, the most popular OSN is Sina microblog. It was initiated by
SINA Corporation on 14 August 2009, and has 503 million registered users up to December
2012. About 100 million messages are posted each day on Sina microblog. Online social
networks make the transmission and sharing of information resources more convenient [18].
And spreading to social networking information service gradually, which provide users with
more abundant services than the traditional. But, persons should spend a lot of time and energy
on searching information they needed from databases due to the explosion of information.
Obviously, this condition decreases the efficiency largely. In real life, acquaintances’ and
friends’ recommendations are very significant means that contribute to the user consumption
behavior [11]. It is not the same as the degree of closeness of relationship between different
users, the closer to recommend, the greater the chance of success. Granovetter once called the
degree of intimacy as relationship strength in his iconic paper The Strength of Weak Ties [6].
So associating individual social service with user relationship strength in the social network,
we can achieve accurately providing users with some social service information and content
which they really interested [19].Therefore, in recent years, relationship strength between
online social network users has become a hot topic of research. The accurate calculation of
online social networks user relationship strength is one of the important premises of accurately
realizing the personalized service, such as friends recommending.

Comparing with general friends, people are more inclined to contact with their relatives and
close friends, the relationship between them is called strong ties which are belonging to the
direct relation. On the contrary, the relationship of two users is weak ties when they are casual
acquaintances. However, the indirect relationship may also have played a great role. Even
when there is no direct link between two users, indirect relationship is the only sign of their
relationship strength [12]. What is more, the relationship strengths between different users is
different, and strength will be affected by many factors and changes quickly.

However, in the past, a lot of researches calculate relationship strength based on the user^s
personal information and interaction information between diverse users [5, 15, 20]. User’s
personal information includes both the static features (e.g., age, gender, education) and the
dynamical features (e.g., interest, location), which is an effective way to help providing the
personalized information services [22]. As a general rule, users may have more similar
interests and hobbies with similar personal information, and their relationship strength will
be stronger. Interaction information includes commenting on friends’ posts, pointing praise for
friends’ posts, sending messages to friends and so on. The more frequent the interaction the
more closely relationship the two users are. Currently, more approaches are put forward to
calculate the user relationship strength in online social networks. Nonetheless, these researches
are segmentary. These methods are just a general way to calculate the relationship between the
users. It only considers direct relation and ignores the importance of indirect relation. Which
lead to inaccuracy of relationship strength estimation as a result. Also, relationship strength
between the same two users may also be different in different topics. The relationship between
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the same two users in different topics may not have the same strength. If two users are
colleagues, they will have stronger relationship strength in the job topic. If two users are tour
pal, they will have stronger relationship strength in travelling topic.

Therefore, in view of the shortage of the present study, we propose a user relationship
strength estimation model in online social networks based on fusion of topic classification and
indirect relationship. The main contributions of this paper are summarized as follows:

(1) In the process of the calculation of the relationship strength, the similarity, timeless and
interactivity are fused in, and all kinds of influencing factors are considered more
comprehensively.

(2) We assign each interactive activity document to an activity topic. And not only the
influence of the direct relationship on the relationship between friends is considered, but
also the influence of the indirect relationship on the relationship between friends (see
formula (13)) is considered in each activity topic. Both the methods can improve the
accuracy of the calculation of users’ relationship strength, which is demonstrated in
Fig. 4 and Fig. 5.

The remainder of this paper is structured as follows. We review the related works in
Section 2. In Section 3, we briefly introduce the framework of measuring the relationship
strength between different users on each topic in online social networks. The details of the
proposed approach are elaborated in Section 4. In Section 5, we show the initial experimental
results of our approach on the Sina microblog and Tencent microblog dataset. Finally, we
conclude the paper and discuss the directions of the future works in Section 6.

2 Related works

The rapid development of online social networks has led to the prosperity of researches
focusing on modeling the social network. Kim M et al. [8] established an intelligent movie
recommended system with a social trust model, and which was based on a social network
for analyzing social relationships between users and generated group affinity values with
user profiles. Xiang Lin et al. [10] set a method for relationship intensity in weighted
social network graphs, which were based on the trust propagation strategy and the direct
relationship intensity. Deng [4] introduced two independent ways: diversity and weighted
frequency, and based on text information of subject to infer social strength between users.
Xiang et al. [17] developed an unsupervised model to estimate relationship strength from
interactive activity (e.g., communication, tagging) and user similarity. Zhao et al. [19] built
an algorithm of relationship strength in social network integrating personality traits and
interactions computing. Zhao et al. [20] proposed a general framework to measure the
relationship strengths between different users, taking consideration not only the user’s
profile information but also the interactive activities and the activity fields. Pham H et al.
[13] created an entropy-based model (EBM) that not only inferred social connections but
also estimated the strength of social connections by analyzing people’s concurrences in
space and time. Li Peng et al. [9] built an improved LDA topics model base on microblogs
chain structure, which distributing weight according to microblogs published time and
social activities information including publish, comments and retweet activities, and took
background knowledge to enrich semantic features of this structure.
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While these researchers neglect the assignment of activity topics. The same users will have
different relationship strengths in different activity topics, because the users’ relationship
strength may vary a lot because of plenty of factors. For example, relationship strength affected
by the time factor, if users communicate more frequently means the shorter the time interval of
their communication, and they will be more intimate. Users who belong to a same activity
topic may share the same interests, and they will have more communication, so their
relationship strength will be stronger. Meanwhile, combining with the assignment of activity
topic when the research of user relationship strength applies to personal recommendation will
be more targeted. What’s more, most of researches at present ignore the indirect relationship
strength. In some case, it is insufficient. For example, user A and user B aren’t direct friends,
but they have a common friend C. Although A can’t influence B directly, A can influence B
indirectly through C. If without the calculation of indirect relationship strength, we are unable
to measure the effect of A to B.

Our work makes up the shortage of researches at present. We concentrate on modeling
the relationship strength rather than the link existence. Meanwhile, we also aim to assign
activity topics for interactive activities, and calculating the relationship strengths between
different users on the same activity topic based on the similarity, timeliness and interac-
tivity, which utilizing a language modelling method. Using this approach to calculate the
users’ relationship strength can be applied in personalized recommendation service more
accurately. Locating the corresponding interest topic for target user quickly and improve
the targeted recommendations, achieve precise recommendation finally. We estimate
relationship strengths between different users in the same activity topic. For instance,
when make discussion about the topic of travel, A is the publisher and B is the
reviewers. We assume that B always agrees with A when A recommended the relevant
content of tourism. So, when we want to make a recommendation for B, we can take A
as a start point, then the probability that B can accept is higher, that is, the higher the
probability of successfully recommend. The strength of the relationship is called the
comprehensive relationship strength, which including direct relation and indirect relation
based on the users’ personal information and interactive activities. Our approach over-
comes the limitation that can only calculate the relationship strength between users who
has direct association.

3 The SNS user relationship strength model

In this section, we propose a model to measure the relationship strengths between different
users in each topic, which is shown as Fig. 1. In this model, we fuse users’ similarity,
timeliness and interactivity. The users’ similarity involves user’s personal information and
Official Accounts concerned by user. The user’s personal information includes user ID,
nickname, gender, birthday, job, address, education and label. Timeliness indicates the fre-
quency of the interaction and the time long elapsed since the last time interaction. Interactivity
is evaluated through some interactive activities, such as praises, comments as well as forwards
of friends’ posts. In this paper, we only estimate the relationship strengths between mutually
concerned users, not consider the relationship strengths between unilaterally concerned users.
Because of the raw data is crawled directly from microblog, so before using these data, we
need to preprocess them. Data preprocessing mainly refer to remove the stop words. Stop
words include some common words such as pronouns and modal particles. The occurrence
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frequency of these words is very high but for their subject didn^t help. In this paper, we utilize
the stop words dictionary to remove stop words, and then transfer the original data into
corresponding documents.

The calculation of users’ relationship strength in each activity topic is divided into two
steps. Each interactive activity document is subdivided into a certain activity topic. Then we
estimate the relationship strengths between different users in each activity topic.

In the first step, interactive activity document is divided into a certain activity topic. We
utilize K-means clustering method based on the ABC algorithm [3] and calculate the corre-
lation between each cluster and all activity topic names. In this paper, we consider 13 activity
topics, including traffic, sports, military, medicine, politics, education, environment, science
and technology, economy, art, law, agriculture and space technology.

In the second step, we estimate users’ relationship strength in online social networks
according to users’ similarity, timeliness and interactivity. This relationship strength is com-
prehensive relationship strength, which covers direct contact and indirect contact. In view of
the indirect contact, we only consider the case that contains only one intermediate node user.
When estimate the relationship strength refers to interactivity, we refer to a language modeling
based sentiment classification of text, and divide the sentiment of each interactive activities
document into Bagree^ or Bdisagree^ [16].

4 Methodology of the relationship intensity measurement

4.1 Activity topic determination

The dataset is downloaded from microblog including user personal information (user ID,
nickname, gender, birthday, job, address, education and label), commonly concerned informa-
tion (Official Account which is concerned commonly by friends), interactive activity informa-
tion (praises, comments as well as forwards of friends’ posts). In order to utilize the dataset, we
need to preprocess the raw dataset, based on the method of stop word dictionary to remove the
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stop words. After that, we transfer each information data into the corresponding document.
Given the interactive activity document set D = {d1,d2,…,dN}, where N is the number of the
documents. Given the user set U = {u1,u2,…,us}, where s is the number of the users. And for
each interactive activity document, the related users refer to post senders, post commenters, post
praises or post forwarders. Then, each document will be linked to one or more users. We use a
matrix UD = {udij} to record the relationship between a user and a document, if the indicator
udij equals to 1, it means the document j is related to user i, otherwise, 0 means not related.

In our paper, we utilize cluster-level based activity topic assignment method to assign an
activity topic to each document di. It is divided into two steps: firstly, we utilize K-means
clustering method based on ABC algorithm [3] to cluster all of the documents. Secondly, we
calculate the correlation between clusters and all activity topic names, and assign topic names
to each cluster.

In the process of interactive activity document clustering, we use ABC algorithm to
overcome the local optimal problem of K-means. As we know, in traditional K-means
algorithm, the k value and centre points which will often have a big influence on clustering
results. In our clustering method, we use ABC algorithm to determine the optimal value of
centre points. According to many literatures in setting the value of k, consider that the optimal
value k satisfies the case of kopt ≤ kmax and kmax≤

ffiffiffi
n

p
, n indicates the sum number of data. In

this clustering algorithm, solutions equate to the cluster centers. The steps of K-means method
using ABC algorithm are described as follows.

Step 1. Generate the initial population of solutions (the number of solutions is less than the
predicted value k mentioned above) and the maximal search times limit. Let the K-
means’ cost function Eqs. (1) as the objective function.

f i ¼
1

k
∑
k

j¼1
∑

xi∈C j

d xi; c j
� � ð1Þ

Step 2. Produce new solutions for the employed bees, evaluate them and apply the greedy
selection process.

Step 3. Calculate the probabilities of the current sources with which they are preferred by the
onlookers.

Step 4. Assign onlooker bees to employ bees according to probabilities, produce new
solutions and apply the greedy selection process. That is making a clustering
iteration of K-means.

Step 5. If the search times Bas of an employed bee is more than the threshold limit, stop the
exploitation process of the sources abandoned by bees and send the scouts in the
search area for discovering new food sources, randomly.

Step 6. Memorize the best food source found so far.
Step 7. If the termination condition is not satisfied, go to step 2, otherwise stop the algorithm.
Step 8. Determine the optimal centre points. Then assemble the dataset by these cluster

centers and get the final results.

Through K-means clustering method based on ABC algorithm, we will get a set of clusters
C = {c1,c2,…,cM}. Specifically, each cluster is consisted of one or more documents, and we
record its normalized word frequency as an R-dimensional vector TFm, where element tf mr is
the normalized frequency of the word wr in W. In this paper we set 13 activity topic including
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traffic, sports, military, medicine, politics, education, environment, science and technology,
economy, art, law, agriculture and space technology.

We let Sem(cm,Al) to denote the correlation between cluster cm and activity topic name Al,
which is shown as below.

Sem cm;Alð Þ ¼ ∑
R

r¼1
tf mr � Google distance wr;Alð Þ ð2Þ

In eq. (2), Google_distance(wr,Al) is the standard Google distance between word wr and
activity topic name Al. And the definition of standard Google distance between the search
word x and search word y is shown as below.

NGD x; yð Þ ¼ maxlogf xð Þ; logf xð Þ−logf x; yð Þ
logM−minlogf xð Þ; logf xð Þ ð3Þ

M indicates the total number of web pages searched by Google. f(x) and f(y) are the click
number of search word x and search word y. f(x,y) represents the web page number that has x
and y at the same time.

We set a threshold value in advance, and then calculate the relevance between cluster cm
and activity topic Al. We take the most relevant activity topic name as the name of this cluster,
whose relevancy should exceed the threshold value which is set with us in advance. Otherwise,
if all the values of relevancy are less than the threshold value, then the activity field will be
named the field of Bothers^.

4.2 Measurement of user relationship strength

The relationship strength is touching on two users. One user is set as the start point while the
other as a destination point. The start point user is called source user, and the destination point
is called target user. Relationship strength denotes the intimating degree between source user
and target user. Not only the direct relationship strength is considered, but also the indirect
relationship strength is taken into account, for both of them may exist between the same users
at the same time. For example, user A, B and C they all know each other. If we want to make a
recommendation from B for A, then A and C will both gain recommendation information from
B. It means A can get this recommended information from B through two routes. One is from
B to A directly. The other one is from B to C, and then from C to A, it is an indirect route. This
can be explained with that may be A trust C more than B, so A can be persuaded by C more
easily. In addition to this, the other situation is A only have direct contact with C, and have no
contact with B. So the recommended information can only be passed on from B to C, then to
A. There is no direct relationship strength between A and B, only indirect relationship strength,
their intimating degree only can be estimated by indirect relationship strength.

Therefore, in this paper, we consider the comprehensive relationship, which includes the
direct relationship and the indirect relationship. According to the Six Degree of Separation, a
user can make contact with any other user through less than 6 people. However, relationship
strength between source user and target user will be weaker with the increase of the number of
intermediate node users. When the intermediate nodes are more than two, the relationship
strength between source and target user becomes so weak, in this condition, we only consider
the case that existence of one intermediate node user.
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4.2.1 Direct relationship strength estimation

The direct relationship strength is obtained from user’s personal information and user’s
interactive activity information, which simply describes the intimacy between two directly
linked users. This method incorporates the similarity, timeliness, and interactivity. Similarity is
measured by the degree of the similarity of the user^s personal information and the similarity
of the number of Official Accounts which they commonly concerned. Timeliness is calculated
by the frequency of the interaction and the number of days elapsed since the last time
interaction. Interactivity is measured by the semantic division of Bagree^ or Bdisagree^ within
praises, comments and forwards of friends’ posts of interactive activity [1].

We use S(ui,uj) to indicate the calculation formula of similarity between user ui and user uj,
and use vectors to express the personal information of ui and uj. The personal information
includes sex, constellation, job, address and education. And the value of constellation is
calculated by the value of birthday. Assuming that a piece attribute of personal information
is p, if the attribute of user ui and uj are the same, the p(ui) = 1, p(uj) = 1, otherwise, p(ui) = 1,
p(uj) = 0, and the default is p(ui) = 1, p(uj) = 0 without this attribute. The similarity of user^s
personal information is built on the cosine similarity [23]. And the similarity of the Official
Accounts concerned by users is determined based on Jaccard coefficient, the more common
Official Accounts are concerned, the more similar they are. It is shown as follows.

S ui; uj
� � ¼ Pi

!⋅ P j
�!

Pi
!��� ��� P j

�!��� ��� þ ci∩c j
ci∪c j

¼
∑
n

k¼1
pik � pjkffiffiffiffiffiffiffiffiffiffiffiffi

∑
n

k¼1
p2ik

r
�

ffiffiffiffiffiffiffiffiffiffiffiffi
∑
n

k¼1
p2jk

r þ ci∩c j
ci∪c j

ð4Þ

Pi
!

indicates the vector composed of personal information of user ui, P j
�!

indicates the vector
composed of personal information of user uj. If all the personal information attributes of user ui
and uj are the same, then Pi

!
=(1,1,1,1,1), P j

�!
=(1,1,1,1,1). If all the profile information

attributes of user ui and uj are not the same. Pi
!
=(1,1,1,1,1), P j

�!
=(0,0,0,0,0). ci indicates the

set of the Official Accounts concerned by user ui, cj indicates the set of the Official Accounts
concerned by user uj. n represents the total number of users’ personal information attributes.
Pik represents the value of the kth personal information attributes of the user ui , pjk represents
the value of the kth personal information attributes of the user uj .

We use T(ui,uj) to indicate the calculation formula of timeliness between user ui and user uj,
which is calculated based on the frequency of the interaction and the number of days elapsed
since the last time of their interaction [14]. The higher the interaction frequency is, the smaller
the number of the days that elapsed from the last time of their interaction is, and the higher the
timeliness is. Its function is shown as follows.

T ui; uj
� � ¼ I ij

2I i
þ I ij

2I j
þ rT ð5Þ

Iij indicates the number of interactions in an activity topic between user ui and user uj, Ii
indicates the total number of interactions between ui and other users in an activity topic. Ij
indicates the total number of interactions between uj and other users in an activity topic. Using
Day represents the number of days elapsed since the last time interaction between user ui and
user uj. rT is considered to be the weight of the number of days elapsed since the last time
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interaction between user ui and user uj, and its value is determined by experiment. We
randomly select 50 experimental users, and provide them with a list of 50 random friends,
and then we require the 50 experimental users to divide their friends into three categories
including Bclose friend^, Bfriend^, Bgeneral acquaintance^. According to the experimental
results, in Bclose friend^ category, there are 98% users who interact with experimental users,
and the number of days elapsed since the last time interaction between them is less than 7 days.
In Bgeneral acquaintance^ category, there are 89% users who interact with experimental users,
and the number of days elapsed since the last time interaction between them is less than
14 days. It is shown in Fig. 2. So, according to this, we identify two time limits, such as 7 days
and 14 days. According to the difference of intimacy, if Day ≤ 7, we make rT = 3a. If
7 ≤Day ≤ 14, we make rT = 2a. If 7 ≤Day ≤ 14, we make rT = a. If 14 ≤Day, we make rT = 0,
(we made a = 0.05 in the experiment).

We let Int(ui,uj) denote the calculation formula of interactivity between user ui and user uj,
which is measured by the semantic division of Bagree^ or Bdisagree^ within praise for friends’
posts, commenting on friends’ posts and forward friends’ microblogs of interactive activity.

In order to calculate Int(ui,uj), referring to the paper by Hu et al. [7], we propose a language
modeling method to detect text emotional tendencies based sentiment classification of text. A
very different is that we assume that the corresponding language model of Bagree^ may be
different with the corresponding language model of Bdisagree^, because Bagree^ and
Bdisagree^ might be inclined to different language habits. So, we can divide the text which
is the same represented based on a language model into Bagree^ and Bdisagree^ through
exploring the differences between the language models.

We estimate the language model of the two kinds of emotional tendency from training data
at first. Then we use a distance function to compare the distance between the language model
of test text and the language model of these two emotions. We define classification function φ
is shown as below.

φ d; θp; θN
� � ¼ Dis θd ; θp

� �
−Dis θd ; θNð Þ : < 0 “agree”

> 0 “disagree”

�
ð6Þ

θp indicates the language model of Bagree^ emotional tendency, it is probability distribution
of n-gram. θN indicates the language model of Bdisagree^ emotional tendency, a test text
generates a language model θd. And Dis(θd;θp) is distance between distribution θd and
distribution θp, Dis(θd;θN) is distance between distribution θd and distribution θN. If
Dis(θd;θp) < Dis(θd;θN), it means that test text d is closer to the Bagree^ emotional tendency.
And if Dis(θd;θp) > Dis(θd;θN), it refers to that test text d is closer to the Bdisagree^ emotional
tendency. If φ(d;θp; θN) = 0, its emotional tendency will be deemed to be Bneutral^, but we
don’t consider this case in this paper. We use Kullback-Leibler Divergence as distance measure
between language models.
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Fig. 2 The user percentage that in the case of the number of the days that elapsed from the last time of
interaction less than a certain number in the categories of Bclose friend^ and Bgeneral acquaintance^
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We use D(p||q) to present the Kullback-Leibler Divergence between two probability
distribution p(x) and q(x). The formula is shown below.

D pjjqð Þ ¼ ∑
x
Pr xð Þlog p xð Þ

q xð Þ
� 	

ð7Þ

The KL-Divergence between θd and θp(θN) can be calculated by Eqs. (8).

D θ̂djjθ̂P

 �

¼ ∑
n − gram

Pr n − gramjθ̂d

 �

� log
Pr n − gramjθ̂d


 �
Pr n − gramjθ̂P


 �
0
@

1
A

D θ̂djjθ̂N

 �

¼ ∑
n − gram

Pr n − gramjθ̂d

 �

� log
Pr n − gramjθ̂d


 �
Pr n − gramjθ̂N

 �

0
@

1
A

8>>>>>>>>><
>>>>>>>>>:

ð8Þ

Where θ̂ denotes the estimation model of real model θ. Pr n−gramjθ̂

 �

denotes the

probability of n-gram when given the estimated model. So, we can get an emotional classi-
fication function as follows shown.

φ d; θ̂p; θ̂N

 �

¼ Dis θ̂d jjθ̂p

 �

−Dis θ̂d jjθ̂N

 �

¼ ∑
n‐gram

Pr n‐gram θ̂d
���
 �

� log
Pr n − gram θ̂N

���
 �
Pr n − gram θ̂P

���
 �
0
B@

1
CA ð9Þ

In the emotional lexicon of the sentiment classification method, we added some popular

phiz of online social networks (such as ) and some pop-

ular vocabulary (such as hehe. )

Readers can read the paper wrote by Hu Yi et al. [7] to understand the specific statement of
this method.

Interactive activities include praises, comments as well as forwards of friends’ posts.
When it is praise, it is considered to belong to the Bagree^ emotional class. When it is a
comment, the language model is used to identify the sentiment classification. When it is
forwarding behavior, it is divided into two cases including with comments and without
comments. It is thought to belong to the Bagree^ emotional class if without comments.
Other, the language model is used to determine the sentiment classification if with
comments. According to the emotional classification result of the Bagree^ and the
Bdisagree^, the more interactive activities between the two users belong to Bagree^, the
value of interactivity between them is higher.

We use lc to indicate the number of instances of interaction between ui and uj, and la to
indicate the number of instances of interaction between ui and uj, which is belong to Bagree^
emotion category. Therefore, fusing the similarity, timeliness and interactivity, we use
Rsd(ui,uj) indicates the direct relationship strength between users in the same activity topic,
which can be expressed as follows.

Rsd ui; uj
� � ¼ S � T � la

1þ ln 1þ lcð Þ ð10Þ
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4.2.2 Indirect relationship strength estimation

We can calculate the indirect relationship strength, based on the number of relationship paths,
the length of the relationship path and the weights of the edges between different users. We let
Rsid(ui,uj) denotes the indirect relationship strength, which describes the closeness of two
indirectly linked users. In this paper, we only consider the case that existence of one
intermediate node user. Users’ relationship strength is greater than 0.5 belongs to strong
relationship, otherwise weak relationship. The value of generally strong relationship strength
ranges from 0.8 to 0.9 in previous studies. So, according to the real estimation, even for the
strong relationship, relationship strength value between the source user and target user is
around 0.5 to 0.8 with one intermediate node user. The relationship strength value between the
source user and target user is around 0.3 to 0.5 with two intermediate node users. The
relationship strength value between the source user and target user is around 0.01 to 0.1 with
three intermediate node users. When the intermediate node is more than two, relationship
strength between the source and target user becomes weak, so in this paper, we only consider
the case that existence of one intermediate node user.

We use Rsid(ui,uj) indicates the indirect relationship strength between users in the same
activity topic.The formula of indirect relationship strength between users is demonstrated below.

Rsid ui; uj
� � ¼ e−2λ⋅w1⋅w2 ð11Þ

Where λ is the attenuation coefficient of the length of each relationship path, e-2λ indicates
an attenuation function, which ranges from 0 to 1. And w1, w2 represent the weights of the first
and second edges in the relationship path respectively. Moreover, we let Pij = { P1, P2,…, Pn}
denote the relationship paths of ui and uj. So, indirect relationship strength between user ui and
user uj can be shown as follows.

Rsid ui; uj
� � ¼

∑
n

i¼1
Pie−2λ
 �
ne−2λ

¼
∑
n

i¼1
e−2λw1iw2i
 �
ne−2λ

ð12Þ

4.2.3 Comprehensive relationship strength estimation

Let Rs(ui,uj) be the comprehensive relationship strength between user ui and user uj, which
contains the direct relationship strength and the indirect relationship strength. It is illustrated in
the equation below.

Rs ui; uj
� � ¼ αRsd ui; u j

� �þ βRsid ui; uj
� � ð13Þ

In the formula, α denotes the weight coefficient of direct relationship strength, and β
denotes the weight coefficient of indirect relationship strength. They satisfy α + β = 1, α,
β > 0.The values of α and β will change dynamically with factors such as the number of user
interaction. If α is larger, β will be smaller, it shows the proportion of the direct relationship
strength between the users is larger and larger, and the proportion of the indirect relationship
intensity will be smaller and smaller with the increase of the number of direct interaction. The
users’ relationship strength between 0.5 and 1, they belong to strong relationship. The users’
relationship strength between 0 and 0.5, they belong to weak relationship. For two users, the
probability of their relationship strength is a strong relationship or a weak relationship which
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both take half part. So, we introduce the influence function of relationship strength, and its
formula is shown as follows.

α kð Þ ¼ 1−
1

2

� 	 k
n−k

¼ 1−
1

2

� 	 k
n−k

n − k ≠ 0

1 n−k ¼ 0

8<
: ð14Þ

α(k) represents the dynamic change function with a variable of the number of interac-
tion k. When n-k = 0, that is k = n, it means the comprehensive relationship strength
between the two users is all derived from the direct relationship strength, and without
indirect relationship strength, at this time, α = 1. When k = 0, α(k) = 0, it means there is no
direct link between the two users, and the comprehensive relationship strength all comes
from the indirect relationship strength.

5 Experiments

5.1 Experimental settings

The dataset is down from Sina microblog and Tencent microblog, which are popular online
social networks [2]. To download data from Sina microblog and Tencent microblog, we first
randomly select a certain number of users as seed nodes. After obtaining their consents, we
collect all their friends who mutually concerned with them. For each of these users, we
download their user’s personal information, including user ID, nickname, gender, birthday,
job, address, education and label. The detailed example of the user’s profile is given in Table 1.
And these persons’ commonly concerned Official Accounts, as Table 2 shows.

Furthermore, for each of these users, we download the interactive activities (praise,
comment, forward) between September 2014 and October 2014.The detailed example of the
interactive activities information is given in Table 3.

To evaluate the performance, we adopt a manual labeling procedure to generate the ground
truths. We randomly choose 30 friends for each seed user and ask all of them to label the
relationship strengths. For each user, we provide a list of his or her friends and an microblog
topic, then the user labels the relationship strengths on the specific microblog topic with each
of his/her friends on the scale of Bstrong^, Bweak^. When two users label different relationship
strengths between them, we will ask them to re-label the relationship strengths.

Table 1 An example to illustrate the user’s profile information

Attribute Value

User ID 2452144190
Nickname Tao Haijiao
Gender Female
Birthday 1992.8.19
Job Student
Address Hangzhou
Junior middle school Mazhan junior high school
Senior high school Cangnan middle school
University Zhejiang Gongshang University
Label Dream、Playing、Persistent、Love to laugh、Constellation
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In the experiment, we first test the performance change of relationship strength with the
number of seed nodes. We select different number of seed nodes. Figure 3 shows this result
measured by Bprecision^, which indicates the ratio of the correct number of relationship
strengths belonging to the strong relationship or weak relationship according to the calculation
results of the relationship between users and the number of the total relationship. The result
tells that the overall precision achieves the highest point when the number of seed nodes is 10.
When the number of seed nodes is less, the total number of users who participated in the
experiment is less, and there are less interactive activity documents, thus the words in
documents are not so rich. On the other hand, when we select too many seed nodes, there
will be appear a phenomenon that newly added user already exists, so the number of users

Table 2 Commonly concerned
Official Accounts of mutually con-
cerned friends

Friend1 Friend2 Commonly concerned
official accounts

2,452,144,190 2,452,144,191 158,730
158,731
158,732

2,452,144,190 2,452,144,192 158,786
2,452,144,190 2,452,144,193 158,780

158,784
2,452,144,190 2,452,144,194 158,786

158,780
158,732

2,452,144,190 2,452,144,195 158,786

Table 3 The example of interactive activities information

Message sender Information receiver Interaction type Interactive content

2,452,144,191 2,452,144,190 P(praise)
2,452,144,192 2,452,144,190 F(forward) A good restaurant, recommended. [/good]
2,452,144,190 2,452,144,191 P(praise)
2,452,144,193 2,452,144,190 C (comment) The food in this restaurant is very delicious.
2,452,144,190 2,452,144,193 C (comment) We can go together next time. [/smiling]
2,452,144,191 2,452,144,192 P(praise)
2,452,144,194 2,452,144,190 P(praise)
2,452,144,195 2,452,144,190 F(forward) [nothing]
2,452,144,190 2,452,144,195 P(praise)
2,452,144,185 2,452,144,178 P(praise)
2,452,144,078 2,452,144,189 P(praise)
2,452,144,439 2,452,144,178 F(forward) [/Drool] Really want to eat ah!!
2,452,688,023 2,452,445,675 C (comment) Long time didn’t go to eat big dinner, please

recommend.
2,452,144,345 2,452,144,564 C (comment) I want to go to three restaurants, anybody

together
2,452,143,454 2,452,145,567 P(praise)
2,452,144,682 2,452,144,189 C (comment) O takes!
2,452,147,900 2,452,144,109 C (comment) I also want to go, take me.
2,452,148,943 2,452,144,344 C (comment) Sakura restaurant is very good [/Sun][/Sun]
2,452,144,145 2,452,144,433 P(praise)
2,452,144,674 2,452,144,111 P(praise)
2,452,144,187 2,452,178,611 P(praise)

In the above table, P represents praise, C represents comment, F represents forward

Multimed Tools Appl (2017) 76:17577–17594 17589



www.manaraa.com

participated in the experiment will not increase so fast with the increase of seed nodes. Even
so, the number of interactive activity documents will increase to a certain extent with the
increase on the number of users, though with low discriminative power.

After we obtain the best number of the seed nodes is 10, we respectively and randomly
select 10 users in these two datasets as the seed nodes, and collect all their friends who
mutually concerned with them, which results in a total of 1581Sina persons and 1235 Tencent
persons. For each of these users, we download their personal information and interactive
activities between September 2014 and October 2014. It results in a total of 295,300 Sina
interactive activity documents and 215,000 Tencent interactive activity documents. After
manual labeling procedure, we obtain 17,123 relationship strengths from Sina microblog
and 12,566 relationship strengths from Tencent microblog.

5.2 Experimental results

In this part, we exploit Precision (as mentioned above), Recall and the normalized Discounted
Cumulative Gain (nDCG), to measure the relationship strength estimation result, which is
estimated in part 4.2.

Precision and Recall are two measures in the field of information retrieval and statistical
classification, which are used to evaluate the quality of the results. For the evaluation of the
results of users’ relationship strength calculation, Precision indicates the ratio of the correct
number of relationship strength belonging to strong relationship or weak relationship according
to the calculation results of the relationship between users and the number of total relationship.
Recall indicates the ratio of the correct number of relationship strength belonging to strong
relationship or weak relationship according to the calculation results of the relationship between
users and the number of relationship strength actually belonging to each relationship strength
range. For example, there are A relationships belonging to strong relationship strength, and B
relationships belonging to weak relationship strength in fact. According to the results of
relational strength calculation, there are C strong relationship strengths and D weak relationship
strengths. Among them, E relationships are right in strong relationship strength, and F relation-
ships are right in weak relationship strength. Precision is shown as Eqs. (15).
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Fig. 3 The performance changes
of relationship strength with the
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P ¼ E þ F
C þ D

ð15Þ

Recall is shown as Eqs. (16).

R ¼ 1

2
⋅

E
A
þ F

B

� 	
ð16Þ

What’s more, nDCG is an indicator of PageRank that is widely used in the search engine. It
considers both the importance of searching results and the relative location of searching results.
If the strong correlation takes a higher rank, then the more effective the method is. Otherwise,
the method will be punished. The formulation of nDCG is shown as follows.

nDCGp ¼ DCGp

IDCGp
ð17Þ

In this equation, IDCG is an ideal CDG. Then we sort the results manually. In the best order
status, we calculate the DCG of query, which is called IDCG.

DCGp ¼ ∑
p

i¼1

2reli−1
log2 1þ ið Þ ð18Þ

The average NDCG is the average nDCG of all the users in one certain activity field.
In order to verify our method, we compare it with the following two methods.

1. Linear combination method (here we denote this method as BLCM^): The method
calculates the relationship intensity between two users in the same activity field through
the linear combination of user profile information and interactive activity information.
However, it is limited to the directly linked users.

2. Latent variable model (here we denote this method as BLVM^): This is a latent variable
model method, which utilizes the user interactive activity information and the user profile
information to estimate the user relationship intensity.

In our experiment, we only consider the top 30 friends of each user. Based on Sina
microblog dataset and Tencent microblog dataset, we get the comparison results. The final
result of these methods and the result of ours according to Precision and Recall is shown in
Table 4.

The table shows that our method is better than LCM and LVM according to Precision
and Recall.

Table 4 The final result of these methods and the result of ours

Method Precision Recall

Sina microblog Tencent microblog Sina microblog Tencent microblog

LCM 0.551 0.520 0.572 0.544
LVM 0.569 0.553 0.585 0.572
Our method 0.798 0.759 0.691 0.671
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For the linear combination method, we try several combinations of weights. Based on Sina
microblog dataset and Tencent microblog dataset, we get the comparison results. The final
result of this method and the result of ours are shown in Fig. 4.

In comparison with latent variable model, we compare the average nDCG of our method
and the latent variable model method in each microblog topic. The result is displayed in Fig. 4.

We can see in Fig. 4 that our method is superior to the linear combination method with
several combinations of weights. And we can also see from Fig. 5 that our method is better
than the latent variable model method in each microblog topic, which indicates that our
method is feasible and effective. This is because our method not only takes accounting the
different relationship strengths in different microblog topics, but also considers the direct
relationship strength and the indirect relationship strength.

6 Conclusion and future works

In this paper, we proposed a relationship strength estimation model between different users in
online social networks, which fusing of activity topics and indirect relationship. In our
experiment, we exploited Sina and Tencent microblog dataset to verify our method with the
users’ personal information and the microblog interactive activity information. These data
were leveraged in the proposed users’ relationship strength model to estimate the relationship
strengths. And in this model, we considered the direct relationship and indirect relationship on
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Fig. 4 The average nDCG of LCM method and our method based on two microblog dataset
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each microblog topic. We conducted experiments on two microblog dataset and the results
demonstrated the feasibility and effectiveness of our approach. However, there are still some
shortcomings in our paper, like the limited dataset in our experiment, which is resulted from
the limited time. In our future research, we will conduct experiments with more users. What’s
more, users’ relationship strength in online social networks can improve the range and
performance such as link prediction, news feed, item recommendation, and visualization.
And we will consider more interesting applications whose performance can be obviously
improved with the estimated relationship strength.
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