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ABSTRACT Despite persistent efforts in untangling the mechanism of scientists switching between research
topics, little is investigated the relationship of the career stage switch and the dynamic of research topics.
Here, a two-layer network model, the coauthor collaboration network(α-layer) and the paper similarity
network(β-layer) with the coupled information between them, is presented, and the relationship between
the scientist career stage switch and research topics is analyzed. Utilizing the data of published papers and
authors with at least one at Society of Management Science and Engineering of China, it is found that the
career stages in α-layer display vivid stage switching behaviors respect to the publications, and β-layer has
a clear community structure where each community represents a research topic. Computing the frequency
of the state switch in α-layer, it is also found that scholars with a few topics in their early career have great
probability to give up the research work, yet scholars with broad scopes would stay in research fields. The
analysis result reveals that the coupling mechanism of the two layers is simulated by a linear correlation of
the number of evolving topics with the changing career stages. The career stage switch is closely related
with his/her collaborators in China, which the novice collaborating with the reputation scholar would help
them find popular topics and projects, while the experienced scholars working with the novices would help
to explore new knowledge frontiers.

INDEX TERMS Two-layer network model, Markov chain, career stage, research topic, state transition.

I. INTRODUCTION
The increasing availability of scholar data– publications,
research funding, collaborations, paper citations, and scientist
mobility– provides unprecedented data resources to explore
complex network structures and evolutions of sciences [1],
[2]. Scientific thought mainly refers to the concepts and rela-
tions in scientific research achievements, these elements can
be connected with each other in various ways, so the science
can be described as a complex and developing network [1].
Simultaneously, the rapid development state-of-the-art soft-
wares can visualized those information by mathematical
models to compute more accurately [3]. It is meaningful
to use the social network analysis to explore the research
progress of science and to reveal the phenomenon, internal
mechanism and driving force of scientific discovery.
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Many previous studies have clarified that the network
structure evolves with time [4], [5]. Therefore, through the
discussion of the structure and evolution of the cooperation
network, researchers can analyze the process and quality of
cooperation between partners [6], [7], and also use the cita-
tion network to explore the citation trend of scholars [8], iden-
tify communities in the citation network where the published
papers cited by the others [9]. A special application of the
citation network is to detect the topic changes by an author’s
self-citation network, in which co-authorships and keywords
in self-citing articles are considered [10], [11]. In this context,
exploring the topic changes that scientists face in expanding
their research scopes and scientific horizons have become a
very challenging work.

The aim of this work is to reveal the coupling mechanism
of the career stage switch about scientists and the choices
of research topics in China. Before we introduce our model,
we briefly sketch the related works of the topic detection and
research career identification.
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A. RELATED WORKS
It is well known that scientific research topics in any subject
field do not appear out of thin air, many of which are nurtured
on the basis of past knowledge. Studies have shown that the
research collaboration can provide the coauthors with higher
research productivity [12], [13] and far-reaching research
impact [14], [15], because it increases the number of avail-
able communication channels [16], [17], knowledge is better
transferred and combined through collaboration. Therefore,
with the increasing number of cooperation among researchers
in different disciplines, it is possible to change the research
topic or study multiple topics [18]. This process might be
influenced by strategic motivation [19], it is the exploration
of new directions or the excavation of established research
topics [16], [20]. There is a recent wave of studies focusing
on quantifying and modeling the changing trends and effects
of research topics throughout scientists’ careers [21], [22].
As a result, scholars are frequently faced with the important
decision to start or terminate a creative partnership.

The choice of research topics for a scholar affects his or
her personal career trajectory [23]. However, it is critical
for scholar’s research career maintaining a high level of
research output. Hence, the scholars are engaged in academic
and research activities in a way that is beneficial to their
environment and concerned about their own career evolution
progress at different phases of their career trajectory [24],
which makes the change of interest in the career path of
many scholars inevitably. Besides, the research enthusiasm of
topic as the influencing factor is not only limited in scientific
cooperation behavior, but also in social behavior, such as the
influence between popular topics and behaviors of social net-
work users [25]. It can be seen that it is of great significance
to explore the relationship between scholar behaviors and
research topics.

A great deal of research is devoted to exploring the choice
of topics in the career trajectory of scholars [26]–[28], where
themain force pushing research topics is the research interest-
ing. Scholars can get different levels of expertise in all areas
of interest. The process of exploring scholars’ career develop-
ment and the relationship between topics is not clearly apart
from the massive calculation.

B. MOTIVATION, CONTRIBUTIONS AND ARRANGEMENT
The main motivation of this study is to find out the relation-
ship and influence between the process of scholars career
development and the span of research topics. Because the
career development of some scholars is uncertain, some
scholars tend to change their research topics over time. These
findings will help researchers who are eager to acquire and
maintain a high academic position because they know how
they will choose in their career development. So, here we
ask: How to identify the topics that an individual scientist is
involved? Does scientists at different stages differ on research
topics? Does switching behavior of scientists between diff
stages help with research topics? What is the relation-
ship between the transformation of scientists cooperative

relationship and research topics? All results reported here
are based on the two-layer network model and the data
from Society of Management Science and Engineering of
China(SMSEC).

Three contributions are presented in this work:
(1) Utilizing the collected data of published papers with at
least one author at SMSEC, a two-layer network model,
coauthors collaboration network layer and the papers simi-
larity network, is presented. (2) The coauthor collaboration
network layer displays distinct stages switch behaviors, and
the papers similarity layer exhibits a community structure
profile. (3) The mechanism of the scholars career stage
switches coupling with research topics changes shows that
the probability of a scholar keeping on his research career is
positively correlated with the scholar’s topics, and the cooper-
ation of scholars with different career stages would be benefit
to each other both in external and knowledge resources.

The rest of this work is arranged as follows: Section II,
the data set from SMSEC, the construction of two-layer
network model and the statistical properties of this model
on the data, the definitions of career stage and topic are
presented in this section. In Section III, we analyze the
stages switching by Markov chain transition matrix, and find
that the coauthor collaboration network affect the topics of
paper similarity network layer. As a result, scholars career
stage switching correlate linear with research topics numbers,
also the relationships are simulated by SMSEC data. Finally,
in Discussion and conclusion Section IV, the null models
of the two-layer network are given, the comparing the two-
layer network model with the null models, the efficiency and
feasibility of the two-layer network model are proven, and
conclusions and limitations of this study are presented.

II. A TWO-LAYER NETWORK MODEL
Scientific researchers and their publications are important
research resources in which record amounts of high-value
information, and also can present the technology develop-
ment trends and popular applications. Research trends and
researchers collaborate activities interact with each other.
In this section, a two-layer network model combing with
authors and research fields is modeled by the real data set
from China.

A. DATA SET
The sample set is collected from the executive directors
in Society of Management Science and Engineering of
China(SMSEC,http://www.glkxygc.cn/) with their publica-
tions between the year 1998 to August 2018 from CNKI
platform(https://www.cnki.net/), including publications title,
abstract, coauthor’s name, published time, and keyword and
so on, and we denote the data set simply be SMSEC. The
reasons for choosing the data set are two main aspects: on the
one hand, Society of Management Science and Engineering
of China is one connection between the engineer science
and social science, and the outputs of core members of this
society represent the popular research fields and trends of
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FIGURE 1. The statical distribution of the data set SMSEC. (a) shows the
increase in the number of new papers published each year in the data
set, with the dotted line as the average. (b) displays the number of
authors who publish the paper each year, in the data set, with the dotted
line as the average. (c) is the number of articles and authors accumulated
over time.

China to certain extent; on the other hand, the data are multi-
attribution literatures which easy to access with a crawler and
a corresponding local index.

The data clearing includes author’s name disambiguation
and the other missing information delation. The disambigua-
tion algorithm for collected data includes author’s research
field, institutions and work experience are brought together
to figure out which papers belongs to the same author and
eliminate the bad data. And for the missing information of
authors or publications, we delete the uncomplete data to
avoid information bias. Finally, the data set of SMSEC con-
tains 27,672 papers and 18,969 authors from 1998 to 2018.
And there is 5050 different affiliations or institutions in which
the ‘‘985" project university and ‘‘211" project university are
39 and 76, respectively. Specially, the first 5 most affiliations
are Central SouthUniversity, Hefei University of Technology,
Hunan University, Xi’an Jiaotong University and Jiangsu
University have 420, 270, 266, 255 and 247 authors, respec-
tively. And the ratios of authors at ‘‘985" project univer-
sity, ‘‘211" project university, the other university, and the
enterprise are 43%, 18%, 32% and 8%, respectively.

Figures 1(a) and (b) show the number of published
papers and incremental new coauthors each year, respectively.
Figure 1(c) exhibits the cumulative papers and coauthors in
each year. The cumulative output shows a sustained increas-
ing over time [29], and the cumulative growth of the number
of authors and papers are the linear relationship, which can
be found by Appendix Figure 16.

B. THE TWO-LAYER NETWORK MODEL
In order to understand the evolving mechanism of research
changes of scientific field, here we propose a time
serial evolving network model based two-layer coupling
subnetworks, denoted by G = (Vα ∪ Vβ ,Eα ∪ Eβ ∪ Eαβ ),
which composed by three parts: α-layer, β-layer and the
inter-links between the two-layers. The α-layer is the coau-
thors collaboration subgraph, denoted by CAN = (Vα,Eα),
where Vα is the third members of the Society of Management

FIGURE 2. An example of two-layer network. (a) shows the relationship
of authors and their publications. (b) is the two-layer network respect to
panel (a): pentagons and stars represent authors and papers,
respectively. Two pentagons are connected by a link if the two authors
collaborated in a paper; Two stars are joined by a link if the similarity of
the two papers is bigger than ε. A link joins a pentagon and a star if the
pentagon(author) is one of authors of the star(paper).

Science and Engineering of China and their coauthors, Eα =
{(u, v) ∈ Eα|u, v ∈ Vα, and they cooperated in a paper}. The
β-layer is formed by the papers’ similarity, denote by PSN =
(Vβ ,Eβ ,Wβ ), where Vβ is the published papers with authors
in Vα , Eβ = {(a, b) ∈ Eβ |a, b ∈ Vβ , sim(a, b) ≥ ε},
Wβ = {wab = sim(a, b)|(a, b) ∈ Eβ}, and sim(a, b) is the
similarity between papers in layer β, and ε is the threshold
with a given positive real number. The inter-link set between
the two layers is denoted by Eαβ = {(x, y)|x ∈ Vα, y ∈ Vβ , x
is one of the authors of y}. Proper threshold ε is the key factor
for β-layer, it is used to eliminate papers whose similarities
are too small and thus reduce the redundant. In this paper, it is
suppose that two papers have some similarities in research
content if there is at least one same keyword between two
papers. Generally, 3 to 5 keywords are required in a paper, and
we choose the maximum 5 keywords to estimate ε. Hence, ε
is set by 0.2.

An example of the two-layer network model is visualized
in Figure 2. There are 8 authors and 4 publications in different
time, the 8 authors form 4 complete subgraphs combining the
coauthor network, and the 4 publications make up 4 paper
similarity networks, shown in Figure 2(a). Adding the links
between authors and their publications by the definition of
two-layer network model. Join the inter-layer links by the
affiliation of α-layer and β-layer. Then a two-layer network
is constructed, shown in Figure 2(b).

Particularly, the similarity between papers in β-layer is
measured by the cosine similarity [30], which is used to
find the most similar of given objects such as in the fields
of information retrieval and text mining etc [31]. In this
paper, a published paper is expressed by vectors combing
titles, abstracts and keywords. And the widely used Term
Frequency-Inverse Document Frequency (TF-IDF) weight-
ing measures [32] is used to convert words vectors to numer-
ical vectors. Therefore, papers are represented by numerical
vectors, and similarities between papers can be computed. For
example, papers a and b are denoted by a = (a1, a2, · · · , an)
and b = (b1, b2, · · · , bn), where ai and bi are the values of
ith feature of paper a and b, respectively. Then

sim(a, b) =

∑n
i=1 aibi√∑n

i=1(ai)2
∑n

i=1(bi)2
.
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FIGURE 3. Nodes degrees distribution of α-layer and weights distribution
of β-layer are shown in panel a and b, respectively. The inner panel is the
log-log plots of the distribution.

C. STATISTICAL PROPERTIES OF THE MODEL
The basic statistical properties of complex networks include
the node degree, the cluster, the clustering coefficient, and the
average distance between nodes.

Using SMSEC data set in subsection II-A, α-layer and
β-layer are constructed. Some basic topological parameters,
such as the network size, the average degree, the average
clustering coefficient, and the average distance of the cumu-
lative coauthorship network in layer α are shown in Table 1
of Appendix. The average clustering coefficient and degree
in α-layer show high aggregation of authors, since α-layer of
the model is collaborate authors of papers which had been
proved to be small world network [3]-[6]. However, the two
parameters in β-layer display relatively stable. That might
because of the different forming mechanism, the former is
the "richer get richer" preference, and the later is based the
rule of "birds of a feather flock together".

The degree distribution is important in studying both real
networks and theoretical networks. Figure 3 is the visualiza-
tion the nodes’ degree distribution and the similarity weight
distribution of the two layers. Fitting the slops of the inner
panels, they are 2.0042 and 0.7658 which means the distribu-
tion exponents of α-layer and β-layer are 3.0042 and 1.7658,
respectively. By computing the statistical properties, α-layer
and β-layer agree with the basic characters of the small-world
network. Considered together with the links from α-layer to β
layer, the average distances of any nodes between two layers
are not more than the maximum averages of the two layers
plus one. In any case, the two-layer network model consists
with the basic characters of the small-world network. So,
the model is thought to be a small world network in this issue.

D. SCHOLAR’s CAREER STAGES IN α-LAYER
The node set and edge set are increasing over time in
α-layer, shown in Table 1 of Appendix. We define a coauthor
v is a new node if v collaborated with a member in SMSEC
for the first time, and then v is added to the set of SMSEC.
The author v will called as an old node in the next time.
In α-layer, each new coauthor is added when he/she had new
collaborations with the old ones. It should be noted that the
number of old nodes used in the calculation of the fraction is
the number of nodes that have been classified as old nodes
and published in the current year. The increase in nodes is
due to the addition of new coauthors, while the growth of

FIGURE 4. The nodes and edges growth in layer α. (a) is the numbers of
new added coauthors in blue dotted curve, and the red triangled curve is
the number of other authors. (b) is the new collaborations in three
classes. The data in this figure are based on Table 1 of Appendix.

edges includes the new collaborations between new and old
coauthors, and between the old coauthors. Figure 4(a) shows
the frequency trend of the new coauthors with the old. Clearly,
the trends of the two curves are opposite, the ratio of new
nodes is decreasing while the old is increasing. One general
reason is that the author set is growing with the new authors
added in, which leads to an increase in active old nodes,
so the ratio of new authors is decreasing. The other sensible
explanation is that collaborations between authors are differ-
ent. There are three kinds of new edges emerging from new
collaborations between authors and coauthors: between two
new nodes(E(n2n)), the old nodes and the new(E(o2n)), two
old nodes (E(o2o)). The ratios of the three classes are shown
in Figure 4(b) with blue dots, yellow stars, and red triangles,
respectively.

The distributions of new collaborations for the three kinds
of edges display much difference behaviors in Figure 4(b).
For further analysis the underlying reason, it is need to inves-
tigate both of the node and the edge growth, and then to detect
the inherent mechanism of research changes, which will be
discussed in next section.

At first, we define three stages of a scholar in his/her
research career from the time of first publications to last
publications. It was found that an author’s first publication
is in the beginning of his scientific career [22], [29], [33].
The three stages are defined as novice stage, potential stage
and reputation stage based on the publication first year,
the following seven years after the first publication, and
more than eight years, respectively. The practical basis for
careers length division is from postgraduate education system
of China, in which the longest education time for doctor
graduate students is seven years. Hence, the first publication
mostly take in the master graduate student, and more publi-
cations would come out during doctor graduate student, and
more papers would be published if graduated doctors work
on research institutions or universities.

Based definitions of the three stages of the scholar’s career
and SMSEC data calculation, it is found that the proportions
of researches in three stages, novice in red, potential in green
and reputation in blue are 60.87%, 26.05% and 13.07%,
respectively. Figure 5(a) and 5(b) exhibit the variations of
numbers and proportions about the research stages, respec-
tively. Clearly, the number of publications of the three stages
has much diversity.
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FIGURE 5. (a) is distributions of the number of scholar’s stages. The
longitudinal coordinates is the number of published papers of the author
respecting published years. (b) is scholar’s proportions of each stage in
each year.

Since the definitions of three stages are based on the first
publication to the eight years publications, the data of the
novice and the potential scholars from 1998 to 2004 aremixed
with the reputation scholars because of the stating time for
published papers is from 1998, and some scholars might had
published many papers before that. Therefore, the relatively
comprehensive understanding the distributions of published
papers for the three stages of scholar careers is from the
year of 2005. Scholar careers stages with the number of
publications are visualized in Figure 5(a). The number of
publishes in reputation stage is about 15 papers, obviousmore
than the other two stages. The trends of proportions of three
stages are dissimilarly: the trend of reputation scholars gradu-
ally increase, while the novice and potential stages gradually
decline, shown in Figure 5(b).
They are two possible explanations for Figure 5.

A researcher begins his/her scientific research career,
the scholar’s career length and the scholar’s collaboration
relationship are uncertainty. The incremental contributions
to researches had required the steady support of publica-
tions [19]. While, the incremental research fields aggravate
the competition between scholars, and then some researchers
withdraw from their research careers. How to explore the
influences of scholar’s careers is need to investigate β-layer.

E. TOPICS IN β-LAYER
According to the definition of the two-layer network model,
α-layer and β-layer are coupled by their affiliations. So,
the relationships between scholars and research topics are
closely correlated. Figure 6 is a concept example to illustrate
α-layer and β-layer coupled by their affiliations. There is
8 authors in α-layer, 4 published papers in β-layer. The
number of authors are 3, 2, 4 and 2 respecting 4 published

FIGURE 6. A concept example of the coupling two-layer network model.
Red triangles are the novice scholars, green cycles are the potential
scholars, and blue diamonds are the reputation scholars. The dotted
circles are communities in β-layer. The dotted lines in panel (a) show
authors and papers, while the dotted lines in panel (c) display the
authors and their topics.

FIGURE 7. (a) is the trend of research topics change from 1998 to 2018.
(b) is the percentages of topic classifications with related papers, where
the numbers of papers of the disappeared, the continued and the
expanded are 163, 84 and 26360.

papers, shown in dotted lines in Figure 6(a). By the defi-
nition of the scholar stage, there are 2 novice, 4 potential
and 2 reputation scholars marked with different colors and
sharps in layer α. The four papers in layer β are divided
into 2 communities based the similarity, and marked with
two dotted cycles, shown in Figure 6(b). And the affiliation
relationship between scholars and communities are shown
in Figure 6(c). Because the community is defined as the sub-
graph in which the inner links aremore densely than the exter-
nal links [34]. Therefore, communities in β-layer must have
the most similar of research fields since β-layer formed by
the papers’ similarities. Thereby, we define one community
is one topic in β-layer. Based those definitions, the number
of topics about an author is the number of communities to
which his/her published papers belong, where community
structures and their size are detected with the fast unfolding
algorithm which is a heuristic method based on modularity
optimization [35].

Figure 7(a) is the cumulation of topics and the number of
topics increases from 38 to 155 in the field of management
and engineering of China during the twenty years. For further
tracing the research topics, there are three kinds of topics:
the disappeared which is no any follower after published; the
continued which have publications after this was published
but no innovated; and the expanded which are the derivative
topics with increasing number of topics and publications over
time. Therefore, the topic changes represent not the develop-
ment statues but the sustainability of the scientific researches.
As Figure 7(b) shown, the blue bar charts are 50%, 14%,
and 36% of topics belong to the topics of the disappeared,
the continued, and the expanded, respectively. Nearly 99%
published papers are the expanded topics.
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FIGURE 8. State transition. The left panel is state transition concept with
4 states, and the right panel is visualization of real states transitions.
By the definition the research career stages and the 4 states, state 0 can
transform to state 1, state 2 transform to state 2, state 2 transform to
state 3, state3 to state 0, and state 0 can be transformed by the other
three states. Except state 1 is defined in one year, and can not stay still,
the other three states can transform to themselves.

It can be seen from Figure 7(a), more and more research
topics emerge with time going on. And conversely, the new
topics probably bring more new scientific researchers to
explore them. There are two possible explanations, one
reason is that the efforts of scholars’ constant exploration
promoted the emergence of new topics, and thus output
more scientific research results. Therefore, the scholars’ own
exploration efforts are the endogenous factors leading to this
phenomenon; The other reason is because the continuous
improvement of scientific research as well as the new tech-
nologies accelerate the new topics’ emergence. The previous
study has shown that scholars do have the choice behavior in
the determination of research topics, either staying on their
own research topics or exploring new research topics [21].
Inspired by those, a natural question is to ask how research
topics expanded, which relates with community evolution
and detection. So it is need to find out the evolving relation-
ships between the topics in β-layer and the collaborations
in α-layer.

III. THE RELATIONSHIP BETWEEN LAYER α AND LAYER β

We have defined three stages of scholars, the novice,
the potential and the reputation stages in above text by their
research career’s lengthes. In fact, a scholar would retire or
quit from any one of the three stages, and a novice scholar
can grow into a potential scholar and go on growing into
a reputation scholar. The stages of the authors and their
research topics might have an underling relationship, which
worth to discuss the relationship between layer α and layer β
in detail.

A. STATES SWITCH IN α-LAYER
In order to investigate the state’s transition in the researcher’s
careers, we add a zero state to researchers. The zero state is
the stage before a people began his research career or quit
from any one of the other three stages. The novice, potential
and reputation stages are denoted by state 1, state 2 and state
3 in α-layer, respectively. Suppose, at the t year, a scholar in
state i, (i = 0, 1, 2, 3). It is found that the scholar’s state of
the (t + 1)th year is based on the transformation of his/her
state of the tth year, nothing to do with the before (t − 1)
years, which is the Markov property. Therefore, we simulate
the transformation process of scholar status byMarkov chain.
The transformation relationships between the four states of
scholar researches are shown in Figure 8(a).

Let X = {Xt , |t ∈ T = {1, 2, · · · , t, · · · } be random
variable set, and I = {0, 1, · · · , n − 1} be the research state
set if there are n states, where T is the time series. Since
the researches’ state transition is a Markov process, then the
conditional probability P(X(t+k) = j|Xt = i) = P(X(t+k) =
j,Xt = i)/P(Xt = i) when the state of the research is i at
time t and j at t + k . P(X(t+k) = j|Xt = i) often denoted by
pki→j, and called as k-step transition probability, where k ≥ 1.
Specially, when k = 1, it is called the transition probability
ofMarkov chain [36], usually denoted by pi→j. The transition
probability of Markov chain satisfies two conditions: one is
pki→j ≥ 0, and the other is

∑
j∈I p

k
i→j = 1 for any i ∈ I ,

where j ∈ I and k is a positive integer. Denote the state’s
transition matrix by P = (pi→j)n×n. In this issue, there is
4 states, n = 4 in matrix P = (pi→j)4×4. Since the state
transition of researches is a Markov process, we wonder to
know how much the probability of the state i to state j.

In statistical analysis theories, the frequency is an approx-
imating distribution when the data size is huge. Therefore,
we use the frequencies of state transition to estimate the
transition probability. The estimated values of pi→j is denoted
by p̂i→j, p̂i→j = ni→j/

∑i
j ni→j, where ni→j is the number of

authors who transfer from state i in this year to state j in next
year, i, j = 0, 1, 2, 3. In our data, p̂i→j values are calculated
from the year of 1998 to 2017, that is, t = 1, 2, · · · , 20. And
the matrix P = (pi→j) ≈ (p̂) shown in matrix of equation (1),
where p̂ =

∑
p̂i→j/m and m = 20 is the length of times.

Pij=


ˆp00 ˆp10 0 0
ˆp10 0 ˆp12 0
ˆp20 0 ˆp22 ˆp23
ˆp30 0 0 ˆp33

=

0.92 0.08 0 0
0.61 0 0.39 0
0.2 0 0.7 0.1
0.1 0 0 0.9

 (1)

The matrix P of equation (1) illustrate the trends of the
three stages in Figure 5(a). Inequations of p10 = 0.61 >

p20 = 0.2 > p30 = 0.1 show that the longer scholars stay
in research, the less likely they quit the research career. In
matrix of equation (1), the transition probabilities from the
novice to potential stage, and the potential to the reputation
are p12 = 0.39 and p23 = 0.1, respectively. That means
there are only 10% scholars who persist in research careers,
while 39% of the novices enter the potential stages. 90% of
the reputation scholars stay their stage, which implicates that
the reputation scholars are likely to be leaders in a certain
field, and have a little possible quit from research career.
As shown in Figure 5(a), the scattered blue nodes have high
locations, their publications have high values too. Results also
show that the scientific research is a hard work: there is only
8% (p01 = 0.08) probability of a scholar entering scientific
research career, while 91% (p10 + p20 + p30) of the scholar
quitting from scientific research careers.

By the transform matrix P, we calculate the scholars’
proportion in each state. We take the year of 2005 as the
initial time t = 0 to approximate proportion π0 of the initial
states, where π0 = (0.88, 0.04, 0.07, 0.01). After t = 20
iterations equaling time length from 1998 to 2018, the state
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FIGURE 9. The average size of topic changes when states switch. (a) is
the novice to the potential; (b) is the potential stay still; (c) is the
potential to the reputation; and (d) is the reputation stay still. The blue
line is the average number of research topics at t year, the red line is the
average number of research topics at t + 1 year, and the green line is the
growth rate from t to t + 1, where t = 1 to 20.

probabilities πt are shown in Table 2 of Appendix. It is found
that when the iteration time t ranging from 1 to 5, the states
probabilities fluctuate slightly, and with the iterate time t
growing, πt tends to π20 = (0.78, 0.06, 0.08, 0.08). So we
call π20 as a stable state by the property of Markov chain. The
stable distribution (0.78, 0.06, 0.08, 0.08) shows that there
are 78% of the observed scholars in quit state(state 0), and
22% (=6%+8%+8%) of them in research state, which agree
with the Pareto’s law [37].

B. α-LAYER AFFECTS β-LAYER
Matrix of equation (1) shows the state transition probability of
scholars inα-layer.When scholars change their states, do they
insist on their topics of previous state? We take SMSEC data
set as example, and calculate the changes of topics.

The average growth of research topics from the novice
to the potential are around 0.5, shown as green line in
Figure 9(a). Unlike the switch of the novice to the poten-
tial, the change rates of the potential to the reputation are
very small, which might be caused by the mature scholars
have had steady research fields in the two stages, as shown
in Figure 9(c). The average number of topics is about 1.5 at
the beginning of the potential stage(red line in panel a).
While scholars change their stage from the potential to the
reputation, their average number topics are all about 5, shown
in red lines in panel (a) and (c) of Figure 9.
Even though scholars stay the same state with relatively

big probability p22 = 0.7 and p33 = 0.9, as shown in
equation (1), their research topic changes are much different.
Scholars have positive growth rates, and the topics’ numbers
are less than 3 and more than 3 comparison of t time and
t + 1 time when they steady in potential states, shown in
Figure 9(b). The growth rate is nearly zero when they steady

in reputation state, shown in Figure 9(d). Mostly different
from Figure 9(b), the number of topics in reputation state
is about 9 from 2005 to 2013, and growing every year from
10 topics to 13 from the year 2014 to 2017. Further more,
comparing the average topics’ numbers in Figure 9, we found
that the longer of research careers, the more research topics
before and after their stage switched.

Figure 9 shows the research topics of the potentials and
the reputations are extended as time went on. In addition,
Figure 4(b) displays that the collaborations also have much
different between a new scholar and an old(E(o2n)), two old
scholars (E(o2o)), and two new scholars(E(n2n)), respec-
tively, where the ratios of E(o2n) and E(o2o) are increasing,
while E(n2n) decreasing. However, the potentials and the
reputations have much difference both the number of top-
ics and the stage changes, which might be affected by the
scholar cooperators’ stage transition. Therefore, we investi-
gate the state changes of scholars’ coauthors who defined
as the nearest neighbors of nodes. The stages of coauthors
are also divided into the novice, the potential and the repu-
tation, which are also denoted by state 1, state 2 and state3,
respectively.

The four panels of Figure 10 show the ratio changes of
coauthors when scholars transfer their states from 1 to 2, stay
in state 2, from 2 to 3, and stay in state 3 with time from t
to t + 1, respectively. Clearly, the coauthors’ ratios are much
different: all the ratios of the novice are decreasing, while the
reputations are increasing in the changes of four states. The
ratio of the potential coauthors is increasing when the authors
change their state from the novice to the potential or remain
in the potential, but it is decreasing when the authors change
their state from the potential to the reputation or remain in
the reputation. The potential coauthors are popular scholars
when authors are in their early career stage. What’s more,
scholars prefer to collaborate the reputations who are reliable
coauthors and the novice scholars are unstable collaborators
who are most likely depart from the research field. Those
results coincide with the results of Figure 4(b) and Figure 9.

To sum up the results of Figure 10, it indicates that
coauthors of the novice scholars are the potentials and the
reputations, and the most proportions of the potential’s coau-
thors are the reputations. While the most proportions of the
reputation’s coauthors are the novices, and the second most
is the potentials. Those phenomena imply the identities of the
novices and the potentials are postgraduates of the reputation
scholars. In other words, the scholar stage switch is closely
related with his/her collaborators. We tend to investigate the
topics proportion of the novice, the potential and the reputa-
tion at any research career stage in further.

C. TRENDS OF TOPICS IN β-LAYER
Base on previous analysis, the number of research topics of
scholars in different stages is various. Figure 11(a) displays
the average topics’ number of all scholars in each year. The
average number of topics is growing from 1998 to 2014,
and relatively steady from then on. That is, scholars research
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FIGURE 10. The average probabilities of the co-author stage changes.
(a) shows the average probability of the co-authors transforming from the
novice to the potential; (b) is the average probability of co-authors
remaining in the potential; (c) is the average probability of co-authors
switching from the potential to the reputation; (d) is the average
probability of co-authors remaining in the reputation state. The horizontal
axis show the time from the year of t to t+1, and the longitudinal axis is
the ratios. Besides, the vertical lines passing through the point represent
the dispersion of the data, the upper bound is the maximum value in the
data, and the lower bound is the minimum value in the data.

FIGURE 11. The average number of research topics. (a) is the average
topics number of all scholars. (b) is the average topics number in three
stages.

topics involve not too many fields every year in statistical
meaning. To further investigate the number of topics in dif-
ferent stages of scholar, we detect the topics’ number of
scholars in the three stages. Figure 11(b) shows the average
numbers of research topics of the novice, the potential, and
the reputation scholars in red, green, and blue lines, respec-
tively. The number of research topics of scholars at different
stages is much different. The red line is horizontal because
of the restriction of the definition. As time goes by, scholars
continue their researches and they would carry two or more
research topics. Then the green line of the potential scholars
is obviously higher than the novice scholars. By the definition
of the reputation and SMSEC data set, the reputation scholars
of the blue line appear from 2005, they involved insisted on
researching both on quality and quantity of publications after
the two previous stages. As a result, the number of topics
of the reputations is larger than any one of the other two
stages. Figure 11 shows that the longer of scholars under take
researches, the more research fields they devote to.

FIGURE 12. The growth trends of the average topics number in β layer.
(a) is the potential scholars, and (b) shows the reputation scholars,
respectively.

Figure 11 builds a relation by association in a way that
the number of topics follows the length of research careers.
We explore the relationships of the number of topics and the
career’s length of the potential scholars and the reputation
scholars with SMSEC data set, respectively. The line trends
in Figure 12 imply that some relationships between them
do exist: the number of research topics changes during the
growth of scholars in the reputation period. According to
our definition of the stage of a scholar, his first paper was
the beginning of his scientific career, so we can look at the
differences in growth in terms of the years in which different
scientific careers begin. Surprisingly, scholars of both repu-
tation and potential periods performed almost identically. Let
topics(t) be the number of research topics of a scholar and t
be the career length of a scholar, where t = 1, 1 < t ≤ 8, and
t > 8, which denote a scholar in the novice, the potential, and
the reputation stage, respectively. Then, with the help of the
fitting Toolbox of Matlab, topics(t) is as follows:

topics(t) =


1, t = 1;
0.4919t + 0.9997, 1 < t ≤ 8;
0.6185t + 0.7425, t > 8.

(2)

The R-square of the two fitting functions for the potential and
for the reputation are greater than 0.97 and 0.99, respectively.
The growth rate of the reputation is 0.6185 greater than the
potential scholars. By the growth trends in Figure 12, repu-
tation scholars’ perform better than scholars in the potential
stage. The average topics’ number of the reputation is greater
than the potential. Particularly, the topics’ numbers of the
reputation scholars in their potential stages are more than 5,
while the average topics’ numbers of all potential scholars are
about 3.5 less than the reputation scholar at the same periods.
The growth trends of the topics’ number in the potential
stage are nearly linear growth behaviors, but the withdrew
scholars after the potential stage destroy such trends, while
the reputation scholars hold on. In other words, the scopes
of the reputation scholars in their early research career are
significantly larger than that of the potential withdrew schol-
ars in the same period. Comparing the two fitting functions,
scholars in their scientific research careers are closely related
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to their research topics, and scholars perform better than
others in scientific research outputs, whichwould have signif-
icant academic achievements in their research careers. Those
results coincide with the conclusions in Figure 9 and 10.

IV. DISCUSSION AND CONCLUSION
Through data analysis, we have got many conclusions and
findings. We hope to introduce comparative analysis to
explain the rationality of our conclusion. However, on the
one hand, our research content is the evolutionary relationship
between the author’s academic career and the research topic,
and there is no research with the same content as our research;
on the other hand, for the research methods, the existing
two-layer network model is not the same as ours and we
can’t find the relationship between the academic career and
the research topic by using these existing two-layer network
model. Therefore, it can not be directly used for comparison.
So, we construct a randomized null model to realize our
comparative analysis.

A. COMPARATIVE ANALYSIS
In our two-layer network, the cooperation relationship is
objective, but the similarity between the papers is calculated
by cosine similarity. Therefore, we would only randomize the
structure of the paper similarity layer, so as to compare it with
our analysis results using real data.

1) THE NULL MODELS OF TWO-LAYER NETWORK
The null model network models G0 are constructed as fol-
lows: the structures of α layers in null model and the coupling
relationships between α layers and β layers are same as
the two-layer network. The numbers of nodes and edges of
each β layer from 1998 to 2018 are same as the two-layer
network, but the linkage of nodes are randomized for each
year. As shown in subsection II-B, G0 = (Vα ∪ Vβ ,Eα ∪
E0
β ∪ Eαβ ), where Vα , Vβ , Eα and Eαβ are same as G, but
E0
β is randomized with the weight. Next, we compute the null

models with the same nodes and same size edges as shown
in Table 1 of Appendix. By this way, 21 discrete-time null
models of the two-layer network, which correspond to 21 real
two-layer networks are constructed.

2) THE NUMBER OF TOPICS IN NULL MODELS
We use the same method of community division as before to
count the change of topic number under the cumulative result
of null models.

As shown in Figure 13, the numbers of topics of the
null models display downward trends, and decease after
the peak in the year 2000, which show difference with
Figure 7(a). Because the random edge linkage mechanism
break the power-law distribution in β layers, making the edge
connection more uniform. It is the cumulative degrees of
nodes in the α layer and the β layer, and the networks show
obvious homogenization, which make the huge connective
components emergence, and thus the number of the com-
munity gets small. In the real scene, the number of topics is

FIGURE 13. This is the trend of research topics change of null models,
where we map 21 discrete null models to 21 years.

FIGURE 14. The average on the number of topics in the null network
models. (a) is the average of all scholars. (b) is the average topics of the
novice, the potential and the reputation stages.

increasing with cumulation of scholars and the topics. From
this point, our analysis for real data ismore consistent with the
analysis.

3) AVERAGE TOPICS ON G AND G0
We calculate the average number of topics of G0, shown
in Figure 14 which have some differences with the real
situation.

The average numbers of topics in Figure 14(a) show dif-
ference trends with Figure 11(a). The number of topics of
scholars in different stages is also different from the real data,
among which the most obvious is the reputation scholar. The
reputation scholar should be more mature than other scholars
in this field in terms of topic exploration and familiarity.
Therefore, the number of topics of the reputation scholar
should be much higher than that of other scholars, as shown
in Figure 11(b). However, the result of the null model is differ-
ent with the result in Figure 14(b) in which the performance
of a scholar in the reputation stage is slightly higher than that
two. The results do not satisfy the real situation.

4) AVERAGE TOPICS ON CAREER STAGES OF G0
Figure 15 shows the growth trends of the average number on
topics in β-layer of G0. Which shows much difference with
the trends in Figure 12, displays non-linear growth trends.
In reality, scholars at the two stages are always exploring new
topics with time going on, while the results of the null models
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FIGURE 15. For the null model G0, the growth trends of the average
topics number in β-layer. (a) is the potential scholars and (b) shows the
reputation scholars.

show concentration trends in a relatively short time length,
which do not consist with the real scene.

Based on the above discussion,the results of our analy-
sis using the two-layer network model are more consistent
with the reality, and the topic evolution behavior caused by
the author’s cooperation is not generated randomly, but is
affected by the subjective initiative of scholars [21].

B. CONCLUSION
In this study, we put forward a two-layer network model,
one is the author collaborate network and the other is the
paper similarity network, denoted by α-layer and β-layer,
respectively. We define the three stages of scholars by their
research length using SMSEC data set in α-layer, and define
the research topics using communities in β-layer.

By computing the SMSEC data, we find that α-layer and
β-layer have strong links that the number of topics is a linear
function of the research length of scholars, and there are about
91% of scholars quitting from the research career. Analysis
results also show that the scholar stages switch is closely
related with his/her collaborators. The ratio of the potential
coauthors increases when the authors change their state from
the novice to the potential or remain in the potential, but
it decreases when the authors change their state from the
potential to the reputation or remain in the reputation. The
potential coauthors are popular scholars when authors are in
their early career stage. The most of the novice’ coauthors are
the potentials and the reputations, and most of the potentials’
coauthors are the reputations, while the most proportions of
the reputation’ coauthors are the novices, and the potentials.
What more, scholars prefer to collaborate the reputations
who are reliable coauthors, the novice scholars are unstable
collaborators who are most likely depart from the research
field. The novice and the potential collaborating with the
reputation scholars would help them find popular topics and
take large projects, while the experienced scholars working
with the novice and the potential would help to explore new
knowledge frontier.

Although we provide a new perspective to understand the
research topics evolution in this study, while the limitations
have not been left out. First of all, SMSEC data set is obtained

from CNKI of the scholars of management science and engi-
neering of China, and does not contain all the publications of
scholars. Therefore, the results might have data deficiency,
which is an obvious limitation. Another defect is that this
studymerely focuses on the publications’ number of scholars,
but not the quality of the papers. The quality of the publi-
cations and the relevant topics might be benefit to measure
the scholars’ stages. Further researches should to consider the
impact of research topics on scholar stages’ switch, and the
quality of the process of stage switch. And we would like to
make a statistical model to reproduce the evolution rule in
career development, and discuss them. Besides, although our
process of model constructing and data analysis are based on
time series, we adopt the method of time slicing. Recently,
some scholars use game theory to construct dynamic model
to explore information dissemination based on complex net-
work [38], [39], which gives us inspiration. The method
of using game theory to construct dynamic model can also
be applied to our analysis, which can provide a theoretical
test for our analysis results from the micro-perspective. This
would be an important direction for our future work.

APPENDIX
Table 1 shows the observed parameters and the nodes
and edges changes in α and β-layers from 1998 to 2018.
In α-layer, the authors increased from 329 to 18969 people,
the number of edges increased from 511 to 45509, the annual
growth rates of nodes and edges are gradually increasing.
The average incremental of nodes and edges are 75.39 and
183.5 per month, respectively in α-layer. And in β-layer,
papers increased from 142 to 26606, the number of similarity
links increased from 151 to 582017, the annual growth rates
of papers and links are gradually increasing.Where 〈?〉 shows
the average of ?, |4| shows the increased size,Ci is the cluster
value of the node i, Dist is the distance of any pair of nodes in
the network, dα shows the degree in the α-layer and Weightβ
is the node weight in β-layer.
After t = 1, 2, · · · , 20 time iterations, the state changes is

shown in Table 2 as follows:

FIGURE 16. The growth rates of the cumulative quantity of the number of
authors and papers, which shown by the ratios of the annual growths to
the accumulated amounts of the previous year. The trend of growth of the
number of authors agrees with the papers. Therefore, the cumulative
growth of the number of authors and papers are the linear relationship.
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TABLE 1. The basic information of α-layer and β-layer from 1998 to 2018.

TABLE 2. The results of iteration time from 1 to 20.
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