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a b s t r a c t

As information technology has advanced, people are turning to electronic media more
frequently for communication, and social relationships are increasingly found on online
channels. However, there is very limited knowledge about the actual evolution of the online
social networks. In this paper, we propose and study a novel evolution network model
with the new concept of ‘‘last updating time’’, which exists in many real-life online social
networks. The last updating evolution networkmodel canmaintain the robustness of scale-
free networks and can improve the network reliance against intentional attacks. What is
more, we also found that it has the ‘‘small-world effect’’, which is the inherent property
of most social networks. Simulation experiment based on this model show that the results
and the real-life data are consistent, which means that our model is valid.

© 2013 Elsevier B.V. All rights reserved.

1. Introduction

With the advance of information technology aswell as the booming of the Internet, people are turning to electronicmedia
more frequently for communication, and social relationships are increasingly found on online channels. Various interactive
websites, such as BBS, Micro-blog, provide opportunities to everyone to discuss with others on all kinds of topics and spread
the topics on the Internet [1,2]. Peoplewith common interests communicatewith each other on BBS; their topic of interest is
usually identified by the board itself. IDs registered by users are actors on BBS, through which one can reviewmessages left
by others and leave one’s ownmessages if onewants, thereby forming a thread. Thus, a thread in the BBS roughly represents
a dialog between people, and such a dialog constitutes the basic relationship among the people participating in it.

In online social networks, dialogs or discussions usually proceed with little restriction on message writing and
discrimination based on personal information, thereby forming the intense discussions. Therefore, the pattern of such online
social relationships may be different from that of traditional social relationships based on face-to-face contact or online
communication involving an exchange of personal information, such as e-mail transactions and instant messaging. On the
basis of these observations, we think it is important to study the evolution model of online social networks constructed by
people in intense discussions; this would be useful in resolving diverse sociological and political issues and understanding
the manner in which social opinion is formed in the digital era.

The first time when mathematicians tried to describe a network might be traced back to 1736, when they were dealing
with the famous ‘‘Konigsberg seven bridges’’ problem [3]. Then, Erdos and Renyi built their powerful random graph theory
to model the random-like complexity of various networks in 1960 [4,5]. Motivated by this classical random graph theory,
some new network models were proposed. The Watts–Strogatz small-world model depicts a large-clustering and small-
average-path phenomenon in real world [6,7]. Barabasi and Albert proposed a scale-free model to explain the ‘‘rich gets
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richer’’ phenomenon, in which degree distribution obeys power-law P(k) ∼ k−3 [8,9]. The competition aspect was subse-
quently discussed in their fitness model for the fitness-gets-richer phenomenon, and they pointed out that a generalized
power-law or stretched exponential degree distribution follows the fitness selection [10]. Recently, a local-world evolving
network model has been proposed by Xiang Lia and Guanrong Chen, which considers the distance preference [11].

Althoughmany evolving networkmodels have beenused to analyze possible hidden relationships under specific evolving
mechanisms, we have noticed some other important factors that had been ignored by previous researches [4–12]. In this
paper, we will focus on a real-life online social network-Tianya (http://www.tianya.cn), which is one of the largest online
social networks in China at present. It is observed that, the global preferential attachment mechanism does not work for
those users (represented by nodes in the graph) that have less than 100 comment connections with other users. In other
words, Tianya community is organized by some continuous active users who can be called forummoderators or super fans.
Their activity is manifested in two aspects: (1) uninterruptedly post topics; (2) initiatively comment others. Assume that the
network is dynamically growing; the new coming nodes are more likely interact with those active ones. On the other hand,
users who have just participated in the discussions on the Internet are more likely to acquire attentions from others. This
property has been confirmed in many online social networks, such as DigitalPoint, BlackHat, and ABestWeb. On the basis of
these observations, the preferential attachmentmechanism does notwork on the global network, but doeswork on the ‘‘last
updating time’’ of each node. Here, the concept of ‘‘last updating time’’ can represent a characteristic of online users, which
means the time interval from his last interaction on Forum to present. Therefore, establishing and studying a last updating
network model will enable us to better understand and describe more real-life online social networks. Two most natural
questions are: how to build such a model and how much effect does a last updating model have on its network’s scaling
exponent, scale-free property, and complex dynamics? This paper attempts to provide some answers to these questions.

The remainder of this paper is organized as follows. In Section 2, we provide an introduction to the research motivation
and a description of the study data. The new evolution model based on ‘‘last updating time’’ is introduced and studied in
Section 3, followed by some discussions on computer simulations in Section 4. Finally, Section 5 concludes the investigation.

2. Dataset and motivation

In this section, the data we used and the research motivation are introduced.

2.1. Data and preprocessing

The data used in this paperwere downloaded fromTianya.com, a popular bulletin-board service in China. It includesmore
than 300 boards, and the total number of registered user identifications (IDs) is more than 32 million. Since its introduction
in 1999, it has become the leading social-networking site in China due to its openness and freedom. Each article on Tianya
contains the author ID (the user ID posting the current article), title, board information, date and time, and contents; if the
post is a reply article, the replier ID (the user ID who posted the article that the current article comments on) and replied
contents are also included. All the above information is regularly distributed in an HTML source file; here, we implemented
a relatively simple analysis tool to extract the data using regular expressions. Fig. 1 shows a typical HTML source file on
Tianya.com, in which all the necessary components are marked.

To study the Tianya social network, we began by adopting the formalism in Ref. [13]. Every registered user identification
(ID) corresponds to a node i ∈ V in a graph G = ⟨V , E⟩. An edge (i, j) ∈ E represents a social relation between two users
that results from their comment activity. Let nij be the number of times that user i writes a comment to user j. Then, an
undirected edge exists between users i and j if either nij > 0 or nji > 0.

In this study, we selected the worldview board on Tianya.com from which to collect statistics for the online social
networks. The networks were created from the articles posted between July, 2003 and January, 2010, including 324,666
users, 99,735 threads and 4712,859 replies.

2.2. Motivation

The social structure of real-life online social networks is of interest to many researchers. A key aspect of studying these
networks is to understand the evolutionary dynamics and the mechanism by which these structures grow and change
over time. Fig. 2 shows the evolutionary dynamics of the worldview board on Tianya.com from 2002 to 2010. Some
previous statistical analysis reveals that most real-life online social networks are consistent in nature (both the ‘‘small-
world effect’’ [14] and skewed degree distributions [15,16] are found in them). However, traditional network evolution
models cannot simultaneously depict those two characteristic. Although the random graph has small average shortest path
length, it do not have obvious clustering characteristic; what ismore, its degree distribution P(k) obeys Poisson distribution.
TheWatts–Strogatz small-worldmodel depicts a large-clustering and small-average-path phenomenon; however, its degree
distribution P(k) obeys uniform distribution. Above twomodels are only suited to describe static features of networks, they
are less capable of specifying models of change and simulating network evolution. The Barabasi–Albert scale-free model
can be used to simulate network evolution, and the degree distribution obeys power-law P(k) ∼ k−3; unfortunately, it
inherits unobvious clustering characteristic of the random graph. The local-world evolving network model represents a

http://www.tianya.cn
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Fig. 1. A typical HTML source file with necessary components marked.

Fig. 2. The evolutionary dynamics of the worldview board on Tianya.com from 2002 to 2010.

transition between power-law and exponential scaling; still, it cannot depict a large-clustering network. On the basis of
these observations, we hope to detect the real-life evolving mechanisms, with which we can model online social networks.
Here, we present a novel evolution network model with the new concept of ‘‘last updating time’’.

3. The last updating evolution model

It is observed that, the real-life online social network is organized by some continuous active users. Their activity is
manifested in two aspects: (1) uninterruptedly post topics; (2) initiatively comment others. Fig. 3 gives a simple graph
model of Tianya community, in which the blue nodes constitute backbone networks. It is obvious that the average degree
of those blue nodes (can be seen as active users) is relatively high. Assume that the network is dynamically growing; the
new coming nodes are more likely interact with those active ones. On the other hand, users who have just participated in
the discussions on the Internet are more likely to acquire attentions from others. As shown in Fig. 4, theme sequence on the
worldview board is arranged according to topic update date. The similar property has been confirmed in other online social
network, such as DigitalPoint (http://forums.digitalpoint.com), BlackHat (http://www.blackhatworld.com), and ABestWeb
(http://forum.abestweb.com). Therefore, the preferential attachment mechanism does not work on the global network, but

http://forums.digitalpoint.com
http://www.blackhatworld.com
http://forum.abestweb.com
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Fig. 3. A section of real-life online social network (643 nodes and 650 edges).

does work on the ‘‘last updating time’’ of each node. Here, the concept of ‘‘last updating time’’ can represent a characteristic
of online users, which means the time interval from his last interaction on forum to present. To model such ‘‘last updating
time’’ effect, a last updating evolution model based on the local-world evolving algorithm is now proposed, to be generated
by the following algorithm:

(1) Growth: Start with a small numberm0 of nodes and small number e0 of edges. At every time step, add a new node with
m(m ≤ m0) edges that link the new node to m different nodes already present in the network. And each new node
is assigned a ‘‘last updating time’’ parameter Updatedi, which is the time interval from his last interaction on forum to
present (In initial condition, Updatedi = 0).

(2) Local world: Select nodes whose ‘‘last updating time’’ is below the threshold φ (0 ≤ φ ≤ t) from the existing network.
(3) Preferential attachment: The probability


Local(ki) that a new node is connected to node i depends on the degree ki of

node i, in such a way that:


Local

(ki) =


′

(i ∈ LW ) ·
ki

j
Localkj

≡


i
funi

m0 + t
·

ki
j

Localkj
. (1)

In which, funi is the judging function, it is defined as:

funi =


1 if Updatedi ≤ φ
0 else (2)

′
(i ∈ LW ) is the probability that node i is selected into the local-world network. ‘‘LW ’’ refers to all the nodes in interest

with respect to the new coming node at time step t .
(4) Updating: The ‘‘last updating time’’ of nodes in the end of new m edges is updated to 0, while for other nodes,

Updatedi = Updatedi + 1.

Thus, in at every time step t , the newly coming node connects to m nodes, which are selected from its local world with
preferential attachment. The localworld is selected fromexisting nodeswhose ‘‘last updating time’’ is below the thresholdφ,
but is not selected randomly in Xiang Lia and Guanrong Chen’s evolution model. The ‘‘last updating time’’ of every node will
be updated, depending on their actual interactive behavior. Different network topologies can be acquired by dynamically
changing the threshold φ. We can study their corresponding statistical characteristics so as to compare them with real-life
online social networks. In the rest of the paper, we explain our model in detail.
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Fig. 4. The snapshot of the worldview board on Tianya.com.

Table 1
Statistics comparison of real-life online social network and the last updating
evolving networks with threshold φ = 10; 100; 1000; 10 000, m0 = 15, e0 = 30,
m = 10, respectively.

Real net Net with
φ = 10

Net with
φ = 100

Net with
φ = 1000

Net with
φ = 10 000

N 323,745 300,015 300,015 300,015 300,015
M 2987,953 3000,030 3000,030 3000,030 3000,030
⟨k⟩ 18.46 20.00 20.00 20.00 20.00
C 0.0712 0.1021 0.0654 0.0124 0.0042
Crand 0.000057 0.000067 0.000067 0.000067 0.000067
l 3.7781 3.9612 4.6111 4.2358 4.5254
lrand 4.3517 4.2099 4.2099 4.2099 4.2099
D 10 7 9 10 11

4. Computer simulations

In this section, the statistical properties of four artificial networks are analyzed, and we compare the results with the
real-life online social network to characterize how they differ or resemble one another.

4.1. Global properties

Our statistical analysis revealed that the last updating networks exhibit several nontrivial topological properties, such
as the ‘‘small-world effect’’ and skewed degree distributions. Here, we discuss network characteristics from a global
perspective. Table 1 shows the statistics describing the five networks.

The clustering coefficient of a node i is defined as Ci =
2Ei

ki(ki−1) , which is the ratio of the number of edges Ei that
interconnect the ki neighbor nodes of node i and their total possible number ki(ki − 1)/2; for ki = 1, Ci = 0. The clustering
coefficient of the whole network is the average of the individual C ′

i [17]. We see that, for the first three graphs, C is much
higher than the randomized counterpart Crand [14]. The average shortest path length l [18] was computed; this path length is
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Fig. 5. Variations with the threshold φ.

the mean of the geodesic distance between pairs of nodes connected by at least one path. This average shortest path length
is small for all five networks. Moreover, this statistic is roughly the same as that for a random graph lrand [14]. The diameter
D of those networks, which is defined as themaximum of the shortest path length, is also very small. Large C values indicate
that discussions can be begun among bunches of users easily. Small l values indicate that ideas and opinions can propagate
rapidly from one person to another. Hence, the small-world topologies of online social networks ensure the propagation
of discussions among users. From Fig. 5, we can conclude that if the threshold φ is set in a suitable range, for example,
10 ≤ φ ≤ 100, the networks we generated have ‘‘small world effect’’.

4.2. Degree distribution

The most basic topological characterization of a graph G can be expressed in terms of its degree distribution P(k) [19],
which is defined as the probability that a node chosen uniformly at random has degree k or, equivalently, as the fraction of
nodes in the graph having degree k. The analysis of this degree distribution describes the level of interaction between users
and provides a robust indicator of the degree of heterogeneity within the network. In this section, we discuss the degree
distributions of the four last updating networks.

It is obvious that at every time step t; 0 ≤ φ ≤ t , and there are two limiting cases in the above-proposed last updating
evolving network model: φ = 0 and φ = t , which are further discussed below.

Case A: φ = 0.
In this limiting case, the preferential attachment selection is not effective in the network growing process. This is the

same as the case of model A in the Barabasi and Albert scale-free model [8,9], which keeps the growing manner without
preferential attachment. The rate of change of the connectivity of vertex i in this case is given by

∂ki
∂t

=
m

m0 + t − 1
. (3)

The degree distribution in this limiting case obeys an exponentially decayed, as P(k) ∼ e−k/m.
Case B: φ = t .
This limiting case, with φ = t , means that the local world is the same as the whole network. It is exactly the same as the

Barabasi–Albert scale-free model, where the rate of change of the ith node’s degree is

∂ki
∂t

=
ki

2 · t
. (4)

The degree distribution in this limiting case follows the power law P(k) ∼ 2m2/k3.
From the above two limiting cases, we can see that if φ ≈ 0, the degree distribution is very close to that of Case A above,

with φ = 0, as shown in Fig. 6(a). While if φ ≈ t , the degree distribution is similar to that of Case B, which follows a power
law distribution, as shown in Fig. 6(d). Therefore, if 0 < φ < t , the last updatingmodel represents a transition for the degree
distribution between the exponential and the power-law distributions, as illustrated by Fig. 6(b) and (c). We find that the
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a b

c d

Fig. 6. Degree of the last updating evolving networks with threshold φ = 10; 100; 1000; 10 000, m0 = 15, e0 = 30, m = 10, respectively.

degree distribution of the real-life online social network is close to the case, with φ = 100. What is more, the first three
distributions are all heavy-tailed, indicating a high heterogeneity between the users.

4.3. Other distributions

The clustering function C(k) is defined as the average of Ci over all vertices with a given degree k. As shown in Fig. 7(a),
the trends of the real-life online social network and the last updating evolving network with threshold φ = 10 are nearly
the same; their C(k) decays as α log(k) + β , with α < 0, which is consistent with Ref. [20]. The average nearest-neighbor
degree function knn(k) [21,22], which is defined as the average degree of the neighbors of vertices of degree k, also follows
a logarithmic distribution, knn(k) ∼ α · log(k) + β for these two networks. As shown in Fig. 7(b), knn(k) exhibits a slight
downward curvature for both of them, with α > 0.

5. Conclusions

The social structure of real-life online social networks reflects both ‘‘small-world effect’’ and skewed degree distributions.
However, traditional network evolutionmodels cannot simultaneously depict those two characteristic. In this paper, wewill
focus on a real-life online social network-Tianya (http://www.tianya.cn), which is one of the largest online social networks
in China at present. It is observed that, Tianya community is organized by some continuous active users who can be called
forum moderators or super fans. On the other hand, users who have just participated in the discussions on the Internet are
more likely to acquire attentions from others. On the basis of these observations, we proposed the concept of ‘‘last updating
time’’, which means the time interval from his last interaction on Forum to present.

In our last updating evolution model, the newly coming node connects to m nodes, which are selected from its local
world with preferential attachment. The local world is selected from existing nodes whose ‘‘last updating time’’ is below
the threshold φ. In at every time step t . The ‘‘last updating time’’ of every node will be updated, depending on their actual
interactive behavior. Different network topologies can be acquired by dynamically changing the threshold φ.

Computer simulation was implemented in Section 4, in which statistical properties of some artificial networks are
analyzed; and we compare the results with the real-life online social network to characterize how they differ or resemble
one another. From Fig. 5, we can conclude that if the threshold φ is set in a suitable range, the networks we generated
have ‘‘small world effect’’. We also indicated that, the last updatingmodel represents a transition for the degree distribution
between the exponential and the power-law distributions, in the case of 0 < φ < t .

http://www.tianya.cn
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a b

Fig. 7. C(k) and knn(k) of real-life online social network and the last updating evolving network with threshold φ = 10, m0 = 15, e0 = 30, m = 10.
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