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Abstract

Understanding the evolution of research topics is essential to the development of any
discipline. For funding agencies, academic institutions, individual researchers, and
academic conference organizers, it helps them to understand the trends in their
disciplines from a macro perspective and to make better decisions. In this paper, a
method for understanding research topic evolution is proposed to answer the following
questions: how can we use community detection approaches to locate research topics
in citation networks? And how can we track the evolution of research topics in a
dynamic citation network? This study used modularity-based algorithm for community
detection, keyword word frequency for topic recognition using the tf-idf algorithm, and
a clear definition of seven community events (Birth, Death, Growth, Contraction,
Merging, Splitting and Continue). Based on this approach, research topics and

disciplinary frontier developments can be better predicted and understood.
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1 Introduction

1.1 Motivation and context

Complex networks are widely utilized to explain and investigate interaction phenomena
that occur in the real world theoretically and analytically. Numerous real-world systems,
such as transportation networks, communication networks and social networks, can be
represented in the digital realm as complex networks. Complex networks can be
modelled as graph structures with nodes (individuals in the network) and edges
(connections between nodes). The use of complex network analysis methods can help
to better understand the structure of a domain.

Complex networks are also often applied in bibliometric studies, such as co-
authorship network, citation network, etc. The volume of scientific publications is
predicted to expand by 8-9% annually (Bornmann & Mutz, 2015). This extraordinary
increase in research output indicates scientific advancement, but as a result, we must
now cope with information overload. In recent years, many new research topics have
emerged due to the increasingly interdisciplinarity of knowledge fields. It is important
to discern patterns and trends in academic development at the general level because
government organizations, academic institutions, and individual scholars can utilize
these insights to develop more effective strategies for field development (Evans &
Foster, 2011). However, it has become extremely difficult to detect prospective research

topics and change research interests given the pace of overall academic output.

1.2 Research question

Generally, academic papers will cite other publications that are usually considered to
be on the same research topic as itself. Therefore, communities in citation networks
constructed by citation relations can be considered as a research topic. Community
members are more connected internally, while community members are relatively

loosely connected to external members. That is, members within each community in



the citation network will cite each other more often, resulting in a research topic. In
addition, the citation network itself gradually expands as new papers are cited, leading
to changing communities (research topics).
Based on this current situation, I propose the following research questions:
* How can we use community detection approaches to locate research topics in
citation networks?

* How can we track the evolution of research topics in a dynamic citation network?



2 Literature review

Previous research has examined the evolution of research topics in terms of
communities in co-authorship and citation networks (Shibata, Kajikawa, Takeda, &
Matsushima, 2008; Hopcroft, Khan, Kulis, & Selman, 2004). Communities are clusters
of tightly connected nodes that are weakly connected to the rest of the network (Yang,
Algesheimer, & Tessone, 2016). It is possible to detect the growth of enduring
communities over time in dynamic networks. Moreover, these communities contain
structural and temporal characteristics that may be utilized to predict their evolution,
lifetime, and particular events such as merging and splitting (Goldberg, Magdon-Ismail,
Nambirajan, & Thompson, 2011; Takaffoli, Rabbany, & Zaiane, 2014).

Communities in co-authorship networks consist of authors who cooperate closely
with each other. Therefore, social events such as project partnerships and advisor-
advisee relationship are characterized more by structural changes than by topic
evolution. In the meanwhile, citation networks are used to describe the cross-
referencing relationships between a series of papers. The communities in citation
networks correspond to a set of publications assumed to be connected to an unidentified
subject. Citation networks illustrate the current state of research information in a certain
subject. Therefore, the network reflects groups revolving around particular research or
a common research topic. Future research trends and the evolution of a field may be
gleaned through an examination of how a community will develop in the future (Jung
& Segev, 2014).

Previous investigations have categorized citation communities based on the most
frequent words in papers. For example, Kusumastuti et al. (2016) used CitNetExplorer
software to analyze the literature on successful aging and to summarize most frequency
words in different citation networks to finally obtain research themes in the field.
However, this approach does not help us understand the relationship of terms and
concepts in the domain. Therefore, there are also studies that represent the research

topic as a community of keywords in a dynamic co-occurrence network. Balili et al.



(2017) used co-occurrence word network analysis to summarize the interrelationships
between concepts more precisely. But on the other hand, it does not show the evolution
of the research topic well.

To address these issues, my work will consider communities as different research
topics under the perspective of dynamic citation networks. I will summarize the
behaviors of topic evolution through the evolution of these communities over time:
birth, death, growth, continue, contraction, merging and splitting. In addition, I will use
the TF-IDF method to analyze the abstracts of each publication to distinguish between
different research topics. By doing this, I hope it can provide instructions to investigate
the evolution of research topics in the research disciplines and help researchers to locate

areas worthy of research.



3 Methods

3.1 Community detection

3.1.1  Network community and research topic

Since the dynamic nature of networks results in changing communities, a new field of
study has evolved to examine dynamic communities. This area aims to develop methods
for analyzing the collective behavior of networks and comprehending their
development patterns.

Communities in dynamic networks may develop or evolve over time. To give an
instance, there are a number of communities in a citation network. One of these
communities corresponds to publications on a research topic, and each community is
considered as a research topic as mentioned before. The static community corresponds
to all papers that have been cited at a given time. However, after a period of time, some
new papers are cited and thus join the citation network, and the communities change
accordingly. Based on this, we can see the evolution of the communities over time, in

other words, the evolution of the research topics.

3.1.2  Modularity based community detection

In recent years, computer scientists have presented several community detection
algorithms. There are two techniques to detect the potential structures inside a given
dataset: the network topology-based method and the content-based method (Ding,
2011). The first technique is based on Graph Theory. Modularity Maximization is a
commonly utilized community detection algorithm (Newman & Girvan, 2004).
Modularity is used to access the robustness of network communities’ divides. High
modularity indicates strong links within communities but weak links across
communities.

Initially conceived for unweighted and undirected networks, modularity has been

expanded to weighted and directed networks. It has been shown that modularity cannot



identify tiny communities. However, only the larger communities will be seen as
research topics in this study because smaller communities mean that these studies are
not cited by other studies and may be at the edge of the network. In this study, only
communities with more than 100 members are considered as a research topic.
Clauset-Newman-Moore greedy modularity maximization is utilized to detect
communities. It starts with each node in its own community and continually combines
the pair of communities resulting in the greatest modularity until no further increase in

modularity is achievable (a maximum) (Clauset, Newman & Moore, 2004).

3.2 Community labelling

Keywords of the publications are usually used to label the detected communities in
citation networks. Most papers contain keywords corresponding to the papers’ key
perspective. With topic identification approaches treating labels as topics, a community
may be recognized by a collection of keywords that occur frequently in its publications.
This study will follow a similar methodology. Natural language processing will be
utilized to detect a set of terms and keywords based on the abstract of publications. For
each community C, NLP-executed text. is generated from the abstracts of C’s
membership documents c.

Textc is preprocessed by tokenizing each text using the space character as the
separator and then remove punctuations, stop words and numbers, and finally
lemmatize it. By using a sufficiently big corpus of documents, unrelated words will
become more distinguishable and may be discarded with more certainty. To extract a
set of typical keywords for each community, TF-IDF (Term Frequency/Inverse
Document Frequency) will be employed.

TF/IDF is commonly used to extract a set of typical keywords from a corpus of
documents and is well-known for its strong performance on large datasets. The IDF is
determined as the ratio between the overall number of documents and the number of
documents that include the keywords. TF/IDF is calculated by dividing each words’

term frequency by its inverse document frequency, with each community’s text as a



document. By using this method, it is possible to obtain the keywords that distinguish
each community from the others, thus helping to find differences between the research

topics. In this study, TfidfVectorizer function was used to analyze the abstracts of each

paper.

3.3 Community events

The durability throughout time of communities undergoing progressive changes is a
crucial issue to address. As the paradox of the ship of Theseus demonstrated,
determining whether an element consist of various entities at a given time is identical
to another element composed of the some or even none of these entities at a later time
is arbitrarily determined and cannot be answered unambiguously.

In the perspective of dynamic communities, the key to defining a dynamic network
community is the presence and disappearance of nodes and edges. On a community
scale, however, the process that determine community changes are more complicated
and are referred as “events”. Different events are specified in many studies, and they
are all comparable and complementary (see Fig. 1). Palla er al. (2007) firstly established
the systematic classification of the transformations that include communities by
defining six of them (birth, death, growth, contraction, merge and split). Continue will
also be added to these sometimes. Cazabet and Amblard (2014) suggested resurgence
as an eighth events. A similar classification of community events was used in this study.
Below is an explanation of the seven community events utilized in this study:
¢ Birth, when a new community arises at a given time. Community Cis observed to

appear at time t, but there is no corresponding community Cg.1 at time t-1 (None of

C: contain more than 60% of the members of Ci.; and no any two of C; contain

more than 30% of members of Cy.; respectively).

* Death, when a community becomes extinct. Community C; is observed at time t,
but there is no corresponding community Ci+; at time t+1 (None of C; contain more
than 60% of the members of C+1 and no any two of C; contain more than 30% of

members of Ci+1 respectively).



Growth, when a community gains more nodes. The growth of a community
happens when the community C; observed at time t is significantly larger than the
community Cii observed at time t-1 (C; should contain more than 60% of the
members of Cr.; and a growth of 5% growth in the size of the community compared
to the network).

Contraction, when a community loses nodes. The contraction of a community
happens when the community C; observed at time t is significantly smaller than the
community Ci.; observed at time t-1 (C; should contain more than 60% of the
members of C.; and a reduction of 5% growth in the size of the community
compared to the network).

Merging, when several communities merge into one community. The merging of a
community happens when the communities (Ci, C>) observed at time t merge into
the same community Ci+ at time t+1 (Ci+1 should contain more than 30% of the
members of communities (Ci, Cz) respectively).

Splitting, when a community splits into several communities. The splitting of a
community happens when the community C; observed at time t split into the
communities (Ci, Cz) at time t+1 (communities (Ci, Cz) should contain more than
30% of the members of C;respectively).

Continue, when a community stays unchanged. The continue of a community
happens when the community C; observed at time t remains unchanged compared
the community Ci+ at time t+1 (Ce+1 should contain more than 60% of the members
of C; and the change in community size is going to be between -5% and 5%

compare to the network).
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Figure 1 Community evolution in a dynamic network (Shang et al., 2016)

It is important to note that community events are not completely mutually exclusive
by this standard. For example, a community may be shrinking and splitting into two

different communities at the same time.



4 Data

4.1 Dataset

This investigation uses high-energy physics theory citation network dataset from SNAP
(Stanford Network Analysis Project). The dataset contains 27770 papers from January
1993 to April 2003 (124 months). If a paper 1 cites paper j, the graph contains a directed
edge from i to j. If a paper cites, or is cited by, a paper outside the dataset, the graph
does not contain any relevant information. Paper citation network, time of nodes and

paper meta information are included in the dataset.

Table 1 Basic network attributes for the dataset

Nodes 27770
Edges 352807
Average clustering coefficient 0.3120
Number of triangles 1478735
Fraction of closed triangles 0.04331
Diameter (longest shortest path) 13
90-percentile effective diameter 53

The dataset is divided into 10 periods according to the publish year of papers.
Papers published in 2003 were removed because the 2003 data contained only 4 months.
Therefore, a total of 10 citation networks will be constructed and growing in size
because each network will contain all papers from the previous year and newly cited
publications for the year. According to Figure 2, the growth in the size of networks has

remained generally stable, with an average of about 2,700 new publications per year.
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Figure 2 Number of nodes for each network

Greedy modularity communities function from networkx was utilized to detect
communities for each network. As introduced before, it will distribute all publications
to different communities without duplication based on modularity. Only the
communities which are more than 100 members will be considered as research topic.

According to Figure 3, each network has an average of 8.2 research topics.

ﬂ_

1994 1996 1998 2000 2002

Figure 3 Number of research topics for each network



4.2 Community labelling

The abstracts of all the publications of each community were extracted and constitute a
single document, so that there are 82 documents in total, corresponding to the research
topics of each community. Next, the text is pre-processed using the data processing
methods mentioned above, including tokenization, stop words removal, lemmatization
etc.

Then, TfidfVectorizer function was utilized to get the key feature words for each
document. After that, wordclouds are constructed for each research topic based on the

words and tfidf values (Figure 4). Based on this, it is possible to summarize the research

topics of each community.
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Figure 4 An example of research topic wordcloud



4.3 Tracking the evolution of communities

To determine the community events between C; and Ci+1, firstly the overlap rate

between them need to be calculated. Overlap rate means the number of publications

present in both C; and Cy+| as a percentage of number of papers in C;. A matrix of overlap

rates for all communities in adjacent years was calculated and used to determine the

community events between them.

For example, as in Table 2, Ci994 1 can be seen as a merging of Cig93 2 and Ci993 3.

Ci94 2 1s seen as a newly-born research topic.

Table 2 An example of overlap rate matrix between 1993 and 1994

Overlap rate

Community 1994 1 1994 2 1994 3 1994 4 1994 5 1994 6 1994 7 1994 8
1993 1 0 00169 05452 04237  0.0056 0 0.0028 0
1993 2 0.7492  0.0289  0.1576  0.0064  0.0032 0 0.0289  0.0032
1993 3 0.6944 02083 0 0 0.0046 0 0 0
1993 4 0.0625  0.5625  0.0156  0.1797 0 0 0 0




5 Result

5.1 Topic evolution analyzing

To analyze and visualize the overall topic evolution, overlap rate matrix and sankey
diagram were adopted. Sankey diagram is a flowchart that represents the flow and
transfer of energy, capital, etc. within a system. Therefore, the use of Sankey diagrams
allows for a better representation of the flow of publications across research topics, and
thus a better visualization of community events and topic evolution.

Figure 5 shows the evolution of the research topics from 1993 to 2002, in which
the communities less than 100 members are ignored because they usually do not have
a significant impact on the overall. Community events mentioned previously are shown
in this diagram, including growth, shrink, merging, splitting etc. I will analyze
representative community events in the following section.

In addition, the vast majority of keywords for research topics screened according
to tfidf consisted of terms, concepts, theories, and names of researchers. Therefore, I

will summarize the research topics through these keywords.

1im

Figure 5 The overall research topics evolution



5.2 Community events

Figure 6 shows the distribution of community events for each year. Birth and merging
were the most frequent community events, with 34 and 19 words respectively. This was
followed by growth, splitting and death, which occurred 13, 11 and 10 times
respectively. This also shows that the research topic is always in the process of evolving.
The emergence and integration of new research topics is the mainstream of disciplinary

development.
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Figure 6 Distribution of community events

5.3 Case study

At the beginning of this section, I will first focus on the formation of the typical
community events and give the corresponding examples, shown in Figure 6. Based on
this, we can see the evolution between communities and how the keywords for each
research topic evolved. For example, we can clearly see how Cig93 2 and Ci993 3 merged

into C1994 1 and have studied how the subject keywords evolved.
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Figure 7 An example of community events

microscopic scale, Henri
Poincaré

wave function, Henri Poincaré,
Clifford-Hopf Algebras,
Chern—Simons theory

1996_1

Luttinger -Schwinger model,
oulomb's law, S-matrix theory

1996_2

Renormalization, sigma model,
WZNW model, Drinfeld -
Sokolov-Wilson (DSW)
equation

In order to discover how the research topic evolves, Community Caoo2 1 was taken

as an example. Cz002_1 1s a research topic mainly focusing on gravitational singularity,

super fields, and quasi-exact solvability based on the tfidf. Based on the community

events formulated above, I can briefly track back the evolution of Cz002 1 as shown in

the Figure 7. This research topic dates back as far as 1996 and has undergone several

community evolutionary events, including growth and merging. In 1996, the

community was first working on BF theory and Noncommutative Geometry. As the

research evolved, more theories and concepts were included, such as Batalin-

Vilkovisky Formulism, Neveu-Schwarz-Ramond Superstring Model, Finite theory,

Landau—Lifshitz—Gilbert equation, and so on.
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6 Conclusion and discussion

The most important issue for research topic detection and evolution is how to define a
research topic and the progression of its evolution. In general, publications mostly cite
literature related to their own research topics. That is, the citation network consisting
of citations largely reflects the distribution of research topics. A community is a dense
group of members in a network. The connections between the nodes within each
community are relatively strong, and the connections between individual communities
are relatively sparse. Therefore, I can determine the research topic based on the
communities in the citation network.

Then, how to determine the specific research content of each topic? To simply this
problem, I used the tf-idf approach to analyze the abstracts of all publications within
each community. The abstract is a highly summarized part of the paper, according to
which the research topic of the paper can be easily summarized. The tf-idf algorithm
can help extract keywords that distinguish documents from other documents, which can
help better identify research differences between communities.

At the same time, however, communities and research topics are not static but
evolve dynamically. Therefore, based on previous studies, I manually designed seven
community events and defined criteria for their definition, including birth, death,
growth, contraction, continue, merging and splitting. Based on this, the evolution of
community research topics can be better studied and guidance can be provided to
researchers in the field on the direction of research and shifts in research interests.

The case study conducted in this research has demonstrated the evolution of the
research topics in 7 forms. In all 7 of these forms, merging and splitting lead to the
emergence of new research topics. Often, there are precursors that precede the
emergence of a new topic in a research field. Exploring the precursors and causes will
help to predict the changing dynamics of topics and research frontiers. In addition,
growth means that a research topic is expanding, while contraction means that a

research topic is gradually decaying. These evolutions are also significant and



instructive in research.

In this study, I used a method to identify research topics based on word frequency.
However, there is also an approach to dynamic co-word networks based on the
relationships between keywords (Wang, Cheng, & Lu, 2014). This method could also
be adopted in future studies to increase the accuracy of generalization. In addition, this
study artificially defines community evolutionary events. A more complex community
evolution verification algorithm can be used in the future research and this method can
be applied in different research areas. Suitable similarity thresholds are found in
different research areas and matching community evolution algorithms are selected for

different disciplines.
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