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Abstract: In order to mine the hot research topics of a certain field, we propose a hypervolume-based selection algorithm
based on the complex network analysis, which employs a hypervolume indicator to select the hot research
topics from the network in the considered field. We carry out the experiments in the field of regenerative
medicine, and the experimental results indicate that our proposed method can effectively find the hot research
topics in this field. The performance analysis sheds lights on the ways to further improvements.

1 INTRODUCTION

The relations among the literatures in a certain field
can be usually represented as networks, where the
nodes denote the objects and the edges denote the
interactions among these objects. Many researchers
have tried to use the quantitative methods to study the
complex networks, in order to recognize the knowl-
edge structure of the considered field. Based on the
complex works, mining the hot research topics is very
important for the researchers to analyze the trends of
scientific research and provide some directions of re-
search mainstream in the certain field.

In this paper, we propose the hypervolume-based
selection algorithm to analyze the bibliometric net-
work, in order to mine the hot research topics of a
certain field. Based on the relation between the lit-
eratures and the key words, we realize the commu-
nity detection for the bibliometric network and select
the hot research topics according to two objectives:
the frequency of the key words and the number of the
key words. The experimental results indicate that the
proposed method can effectively recognize the hot re-
search topics. The performance analysis explains the
behavior of our proposed method and sheds lights on

the ways to further improvements.
The remaining part of this paper is organized as

follows. In the next section, we briefly review the pre-
vious works related to the bibliometric studies based
on the complex network analysis. In Section 3, we
present the ingredients of hypervolume-based selec-
tion algorithm for mining the hot research topics. Sec-
tion 4 shows the experimental results and analysis in
the field of regenerative medicine. The conclusions
are provided in the last section.

2 LITERATURE REVIEWS

In this section, we present the literature reviews con-
centrating on the bibliometrics network analysis.

In (Zhu and Guan, 2013), the authors applied the
small world complex network theory to analyze sci-
entific research in the field of service innovation, and
discover its research focuses. Their study considered
the key words and subject categories of the publica-
tions as actors to map keyword co-occurrence net-
work and subject category co-occurrence network,
and compare them with their corresponding random
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binary networks to judge whether these complex net-
works have the characteristics of small world net-
work, in order to find the hot issues in the field by
the small world network analysis. The experimen-
tal results through analyzing 437 papers from Web of
Science database over the period 1992 to 2011 show
the dynamic development of the research focuses in
recent 10 years.

In (Lipizzi et al., 2016), the authors have pre-
sented a methodology to assess moviegoers’ early re-
actions to movies’ premieres through the extraction of
analytics from Twitter conversations that take place in
the weekend in which a movie is released. They ap-
plied data mining techniques to a sample of 22 movies
to identify models able to predict box-office sales in
the first weekend. Their findings confirmed that the
importance of commonly used buzz-metrics is proba-
bly overstated, and the analysis of conversational dy-
namics can help to understand the interplay between
collective generation and diffusion of content in social
networks as well as to obtain the insights on whether
information diffusion influences off-line behavior.

In (Zhang et al., 2016), the authors focused on the
NSF data and constructed a K-Means-based cluster-
ing methodology with high accuracy in a local K-
value interval, where an optimized K value would
be determined automatically. Then, they introduced
a similarity measure function for topic relationship
identification to explore the interaction among TRM
components quantitatively and predict possible future
trends. The experimental results are carried forward
to present the mechanisms that forecast prospective
developments using Technology Road mapping, com-
bining qualitative and quantitative methodologies.

3 METHODOLOGY

In our work, we propose the hypervolume-based se-
lection procedure to analyze the bibliometric network,
in order to detect the key structure and select the hot
research topics in a certain field. First, we give an
introduction to the basic notations and definitions of
the network. Then, we present the method of detect-
ing the community in the network. Afterwards, we
describe the main ingredients of hypervolume-based
selection algorithm.

3.1 Network Construction

Generally, given a simple undirected graphG =
(V,E), whereV is the set of vertices andE is the set
of undirected edges. Suppose the vertices are divided

into two sets: one is composed of the literatures, and
another one is composed of the key words.

Then, these exists the edges between the literature
and the key word, if and only if the key word belongs
to the considered literature. Actually, there is no edge
among the literatures or the key words. That’s to say,
it is indeed a bipartite graph.

Figure 1: An example of the bibliometric network.

An example is illustrated in Fig. 1, which con-
sists of thousands of vertices and edges. In this fig-
ure, a green circle denotes one key word and a blue
circle denotes one literature. Usually, one literature
consists of hundreds of key words, which makes the
whole network very complicated. Therefore, it is very
difficult for the experts to recognize the hot research
topics from the network.

3.2 Community Detection

In order to clearly recognize the hot research topics
from the network, it is essential to detect the commu-
nity structure, which is one of the most relevant fea-
tures of the networks. In fact, the community struc-
ture plays an important role in understanding the in-
trinsic properties of networks.

One of the most popular quality functions is
the modularity proposed by Newman and Girvan in
(Newman and Girvan, 2004), which is based on the
idea that a random network is not expected to have a
community structure. Now, the modularity is widely
accepted by the scientific community. Suppose the
vertices are divided into the communities such that
vertexv belongs to communityC denoted byCv, the
modularity is defined as follows (Newman and Gir-
van, 2004):



Q =
1

2m ∑
vw
[Avw−

kvkw

2m
]δ(Cv,Cw), (1)

whereA is the adjacency matrix of graphG. Avw = 1 if
one nodev is connected to another nodew, otherwise
Avw = 0. Theδ functionδ(i, j) is equal to 1 ifi= j and
0 otherwise. The degreekv of a vertexv is defined to
bekv = ∑v Awv, and the number of edges in the graph
is m = ∑wv Awv/2.

Furthermore, the modularity function can be rep-
resented in a simple way, which is formulated below
(Newman and Girvan, 2004):

Q = ∑
i

(eii− a2
i ), (2)

wherei runs over all communities in graph,ei j and
a2

i are respectively defined as follows (Newman and
Girvan, 2004):

ei j =
1

2m ∑
vw

Avwδ(Cv, i)δ(Cw, j), (3)

which is the fraction of edges that join vertices in
communityi to vertices in communityj, and

ai =
1

2m ∑
v

kvδ(Cv, i), (4)

which is the fraction of the ends of edges that are at-
tached to vertices in communityi. Actually, the mod-
ularity has been proven to be NP-hard in (Brandes
et al., 2006).

In order to find the community structure effec-
tively, we employ the local search procedure to
achieve the aim, and the main steps are presented
in the Algorithm 1. In this algorithm, we divide
the whole network into two communities, and each
smaller community is further divided into two com-
munities. This process is repeated until the modular-
ity can not be improved as done in (Lü and Huang,
2009).

Algorithm 1: Community Detection Algorithm.

1: Input: network adjacency matrixA
2: Output: the best value of the modularity function
3: P = {x1, . . . ,xp} ← RandomInitialization (P)
4: repeat
5: xi ← Local Search (xi)
6: until a stop criterion is met

Generally, one communityCk is divided into two
communitiesCi andC j, and all the vertices belonging
to Ck are randomly assigned toCi andC j.

After the initialization, we introduce a special data
structure namedmove valueused in (Lü and Huang,
2009) to compute the incremental value of the modu-
larity function for each possible move of the current

solution. LetCi andC j are two communities,w be a
vertex fromCi or C j . We assume thatw ∈Ci and the
corresponding change by moving vertexw from Ci to
C j can be computed as follows (Lü and Huang, 2009):

∆Q(w,Ci,C j) =
k j

w− ki
w

m
+

kw(ai− a j)

m
− k2

w

2m2 , (5)

whereki
w andk j

w are respectively the number of edges
connecting vertexw and the other vertices in commu-
nitiesCi andC j .

On the other hand, for any vertexv in commu-
nity Ci, we can also obtain the updated∆Q value
∆Q′(v,Ci,C j) with the formula below (Lü and Huang,
2009):

∆Q′(v,Ci,C j) = ∆Q(v,Ci,C j)− (
k2

w

m2 −
2Awv

m
). (6)

Correspondingly, for any vertexv in communityC j,
there are two possible cases for the updated∆Q value
∆Q(v,C j,Ci). When considering the same vertexv
(v = w), ∆Q(v,C j,Ci) is updated as follows (Lü and
Huang, 2009):

∆Q′(v,C j,Ci) =−∆Q(v,Ci,C j). (7)

When considering two different verticesv and w
(v 6= w), ∆Q(v,C j,Ci) is updated as follows (Lü and
Huang, 2009):

∆Q′(v,C j ,Ci) = ∆Q(v,C j,Ci)+ (
k2

w

m2 −
2Awv

m
). (8)

According to Eqs. (5), (6), (7) and (8), the local
search procedure chooses the best move in the current
neighborhood at each step until the modularity does
not improve any more. Then, we obtain the commu-
nities of the considered network.

3.3 Hypervolume-Based Selection

After finding the communities in the network, we pre-
fer to select a certain number of the potential hot re-
search topics from each community. Since there are
a large number of literatures in each community, it is
not necessary to select all of them, but to select the
most important ones.

Actually, we evaluate the importance of the hot
research topics by defining two objectives: the fre-
quency of the key words (f1) and the number of key
words (f2), which are computed by the formulas be-
low:

f1 = weight(xi) (9)

f2 = degree(xi) (10)



Specifically, the objectivef1 represents the fre-
quency of one key word emerging in a literature,
which corresponds the weight of the edge, and the
objective f2 represents the number of the key words
belonging to a literature, which corresponds the de-
gree of a vertex denoting a literature in the network.

According these two objectives, we evaluate the
importance of one hot research topic in each com-
munity. In order to achieve this goal, we propose a
hypervolume-based selection algorithm, which is pre-
sented in Algorithm 2 below (Basseur et al., 2012).

Algorithm 2: Hypervolume-Based Selection Algorithm.

Steps:
1) calculate two objective function values ofxi
2) calculate the fitness value ofxi with theHC indicator
3) selectn li based on the fitness values

In this algorithm,xi denotes theith literature in
each community. First, we calculate the two objective
values ofxi. Then, we calculate the fitness value ofxi
with theHC indicator, which is defined as follows:

HC(x1) = ( f1(y1)− f1(x))× ( f2(y0)− f2(x)) (11)
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Figure 2: An example of fitness computation.

As is shown in Fig. 2, the fitness value ofx cor-
responds to the size of the green area, wherey0 and
y1 are the neighbors ofx. Thus, we can select a des-
ignated number of literatures with high fitness values,
which refer to the hot research topics in this commu-
nity.

4 CASE STUDY

In this section, we present the experimental results of
our method in the field of regenerative medicine. All
the algorithms are programmed in C++ and compiled

using Dev-C++ 5.0 compiler on a PC running Win-
dows 7 with Core 2.50 GHz CPU and 4 GB RAM.

4.1 Data Information

In order to conduct the experiments with our meth-
ods, we generate the data from the PubMed Database
by inputting the key words ”regenerative medicine”
from 2000 to 2014. Then, we select the literatures re-
trieved by the Semantic Medline Database, the type
of literature is ”Journal Article”.1 The information of
literature is given below:

Table 1: The number of literatures.

Year Number of Literatures

2000∼ 2004 950

2005∼ 2009 3914

2010∼ 2014 11392

On the other hand, we have to select the key words
from the literature by setting the frequencyTf . If is
smaller than , we delete these key words. Besides,
the general words are also deleted from the literature,
such ”cell”, ”disease”, etc. The information of key
words is given in Table 2 below.

Table 2: The number of key words.

Year Number of Key Words Tf Values

2000∼ 2004 589 5

2005∼ 2009 759 10

2010∼ 2014 941 20

4.2 Experimental Results

In this subsection, we present the experimental results
in the field of regenerative medicine based on three
periods, which are the first period from 2000 to 2004,
the second period from 2005 to 2009 and the third
period from 2010 to 2014. The computational results
are summarized in Table 3.

In Table 3, the numbers represent the literatures
of the hot research topics in the field of regenerative
medicine. From this table, we can observe that there
are three hot research topics during the periods from
2000 to 2014. In each community, there are five liter-
atures of the hot research topics based on the complex
networks.

1More information about the PubMed database can
be found on this website: https://www.ncbi.nlm.nih.gov/
pubmed.



Table 3: The hot research topics during periods from 2000 to 2014.

Year Community Hot Research Topics

2000∼ 2004 Community 1 11970903, 14648870, 11584365, 15083202, 15277237

Community 2 15086545, 15028134, 11850444, 11340065, 11077425

Community 3 11641084, 12963221, 15271696, 14745326, 14992357

2005∼ 2009 Community 1 16596286, 18047416, 19755676, 15808690, 17273778

Community 2 17635045, 18804048, 19198070, 19507174, 20042793

Community 3 20058201, 17882886, 17473528, 17510916, 19101095

2010∼ 2014 Community 1 20137136, 20507271, 23209652, 24799420, 24573178

Community 2 22008910, 24200501, 23554141, 22876135, 23916701

Community 3 21873605, 24895283, 24551049, 21464334, 23659910

Figure 3: An example of the hot research topics.

An example of the hot research topics is illustrated
in Fig. 3, In this figure, the blue circles with the num-
ber denote the literatures, and the green circles with
words denote the key words. The size of the green
circles represent the frequency of the key words.

5 CONCLUSIONS

In this paper, we have presented the community de-
tection algorithm based on local search procedure and
the hypervolume-based selection algorithm for rec-
ognizing and selecting the hot research topics. For
this purpose, we have carried out the experiments in
the field of regenerative medicine. The experimental

results indicate that our proposed method can effec-
tively find the hot research topics in the complex net-
works.
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