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Abstract
Almost all existing approaches adopt the evolution principle
- a key ingredient of the Barabasi-Albert (BA) model - to
propose network models which evolve multiple communi-
ties. However, previous studies neglect the community link
density which is a natural consequence of the broad range
of different social structures in a single social network and
which can provide densely connected pathways along which
information spreads rapidly. Hence, we take advantage of
social transitivity to provide a novel growth model which
can improve the density of community. Finally, compared
to BA model, we confirm that simulated spreading process
using our model can better match that of the Google+ Circle
network.

CCS Concepts: • Networks→ Network algorithms.

Keywords: BA model, growing networks, community detec-
tion, spreading process

1 Introduction
From social networks [Holme 2003; Shang et al. 2014] to
protein networks [Han et al. 2004], from Internet [Pastor-
Satorras and Vespignani 2007] to contact networks [Stehlé
et al. 2011], evolving and popular ( the principle of preferen-
tial attachment) are two basic elements for a fitness network
model [Barabási and Albert 1999; Papadopoulos et al. 2012;
Shang et al. 2017]. However, almost all models ignore the
density of community while we studying the event infor-
mation propagation, though the community structure plays
an important role for the information propagation in social
networks. In one recent study, we shown that the growing
network can evolve different community structures [Shang
et al. 2020]. Hence, in this report we argue that time evolu-
tion is the key for any network model, but link densities of
communities should not entirely be ignored, especially for
the study of propagation phenomenon. On the other hand,
the degree distribution of growing networks is usually influ-
enced by the resource-driven demand, hence links cannot
be predicted well via an algorithm that is based soley on the
principle of pure preferential attachment [Lü and Zhou 2011;
Shang et al. 2019].

Communities appear in many complex networks and are
frequently associated with important functions of those net-
works [Clauset et al. 2004; Girvan and Newman 2002; Krause
et al. 2003; Spirin and Mirny 2003]. Research into commu-
nity structure also has recently attracted increasing attention
[Fortunato and Hric 2016; Mahmood and Small 2015]. Actu-
ally, as shown in Fig. 1, communities will become denser by
the building of friendship with neighbors of your friend.

Figure 1. The local structure of social relationship network:
A node represents one person, a solid link indicates that there
is a relationship between them, a dashed link indicates that
there is a potential relationship between them. Obviously,
the network will become denser when we connect end nodes
of the dashed link.

In this report, we adopt three keys – network evolution,
node popularity and the density of community – to design a
growing network model. With time evolution, the density
of community will increase via friendships of the popular
person, our model adopts that phenomenon to construct a
network for the study of spreading process. First, we con-
struct a fully-connected network. Second, we introduce a
new node which connects the popular (high degree) node
with a higher probability. Third, we connect the new node
and one friend of its neighbor. Fourth and finally, we repeat
step 2 or step 3 as required.

In what follows, we adopt the famous susceptible-infected
(SI) model [Kermack and McKendrick 1927; Ross 1911] to
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simulate the process of information propagation. In the real
world, the probability of a general event propagation is low.
Hence, the spreading breadth and depth of a general event
is highly dependent on the density of communities. Unsur-
prisingly, compared to BA model, our model better match
the spreading process of the Google+ Circle network.
Moreover, to investigate our model more carefully, we

measure the visibility of community structures bymodularity
(Q) [Newman 2006]. Compared to the BA model, we find
that networks that are constructed via our model with appro-
priate parameters have more similar community structures
to that of the online social network, furthermore, our model
also has the more similar clustering coefficient and average
shortest path length to the real-world social network.

2 Data
We employ the large open and publically available dataset
from the Stanford LargeNetworkDataset Collection [Leskovec
and Krevl 2014]: A node represents one Google+ user, a link
stands for there have a friendship between a pair of nodes.
In this paper, we delete loop links, merge duplicate nodes.
Hence, we also do not count the number of the loop links
and the duplicate nodes. The Google+ network has 102100
nodes and 13548655 links.

3 Methods
3.1 Growing model
(1) Given k(k ≥ 1) nodes, construct a fully connected net-
work.

(2) Next, we introduce a new node as the first new mem-
ber (network evolution principle) which has probability p
connect to an existing node A, p is proportion to the node
degree (node popularity) .
(3) Next, we connect the new node withm neighbors of

node A (increase the density of community),m < k .
(4) Repeat (2) and (3) n′ times, then the number of nodes

is n = k + n′ × (1 +m).
Time is the key power in the previous growing model,

and we cannot understand the social network well unless
consider the evolving factor [Shang et al. 2014]. Furthermore,
people usually make a new friend via the old popular friends,
hence we also take that phenomenon to construct a fitness
model for the Google+ circle network. Obviously, in this
model, the community link density is proportion to the value
ofm. Moreover, we also can connect more existing nodes in
step (2) to decrease the community link density.

3.2 SI model
Based on the propagation threshold theory of Ronald Ross
[Ross 1911] , William Ogilvy Kermack and Anderson G
McKendrick firstly proposed the SIS (susceptible- infected-
susceptible) model in 1927 [Kermack and McKendrick 1927].

Here, we adopt the simple SI model to study the informa-
tion process. S (susceptible) stands for the person who has a
friendship with the person that know the information, hence
can obtain the information via the probability µ, and I stands
for the person who has obtained the information. Obviously,
the spreading breadth or depth is proportion to µ. A node
spread the information to its neighbor with µ means one
spreading step.

4 Results
As depicted in Fig. 2, we can see that our growing model
has a clear community structure, one the contrary, the BA
model has no clear community structure. Here, we use the
famousGN algorithm[Newman 2006] to do the community
detection, and setQ as the maximum value. To further argue
our finding, as shown in table 1, we can see that the Q value
of our model is very similar to that of real-world social net-
work — Google+ circle network, both are bigger than that of
BA network. Higher Q value means more clear community
structure. Hence, compared to the BA network, we can con-
clude that our growing model has a more clear community
structure and is more similar to that of real-world social
network.
As shown in table 1, we also can see that the clustering

coefficient and the average shortest path length of our model
both are very similar to those of Google+ circle network.
Those phenomena both mean that the structure of our grow-
ing model is similar to the real-world social network. On the
contrary, there is a big difference between the BA model and
the Google+ circle network when we observe the value of
clustering coefficient or that of average shortest path length.
In conclusion, compared to the BA model, our results fur-
ther prove that the structure of our growing model is more
similar to that of real-world social network.

Furthermore, to study the role of community link density
for the event information propagation, we adopt the SI model
to simulate the spreading process. In general, the spread
probability of a general event is very low, hence we set the
µ = 0.01, the information source is from the node which has
the maximum degree. As depicted in the Fig. 3, we can see
that our growing model will has the same spreading breadth
as the real-world social network (Google+ network) when
spreading step is around 25. However, the BA model cannot
achieve the same spreading breadth as the real-world social
network.
Finally, as shown in table. 2, we further observer the

spreading depth of three networks. And compared to the BA
model, we find that our growing model is also more similar
to the real-world social network. To study the role of com-
munity structure more carefully, we compute the infected
proportion of communities 1 in the initial spreading step,

1The infected proportion of communities means that the number of infected
communities over that of all communities.
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(a) Growing network (b) BA network

Figure 2. (a) is the network structure our growing mode with communities, one color stands for one community, the model
has 10000 nodes and 109989 links. (b) is the network structure of BA model with communities, one color stands for one
community, the model has 10000 nodes and 109989 links.

Table 1. Statistics of networks, network density means the number of links of original network over that of links of full-
connected network, clustering coefficient means the triple number of closed triangles over the number of open triangles,
average shortest path length is the average length of all shortest path, Q is the value of modularity[Newman 2006] .

Growing model BA model Google+

network density 2.2 × 10−3 2.2 × 10−3 2.34 × 10−3
clustering coefficient 0.56 0.12 0.52

average shortest path length 2.08 3 1.89
Q 0.25 0.17 0.26

and also find that our model is more similar to the real-world
social network.

5 Conclusion and Discussion
All in all, compared to the BA model, the global and local
structure (community) of our growing model are more simi-
lar to those of real-world online social networks, which also
means that the building of friendship via your neighbors is
a very important mechanism for the construction of online
social network. Furthermore, our model also can fit with the
online social network well when we simulate the propaga-
tion process, we suggest that our growing model can be used
as a simple model for the studying of information spreading
phenomenon.
However, our study still neglect the variation in commu-

nity link density, that each community has its own unique
link density. Hence, we will naturally develops communities
spanning a spectrum of link densities in the future. Then
using the heterogenous density principle to construct a novel
model that can match the simulated spreading processes of
online social networks better.
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