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Abstract. Co-author network is a typical example of dynamic complex net-
work, which evolves and changes over time. One of the ways how to capture
and describe the dynamics of the network is determination of Stationarity for
detected communities in the network. In the paper, we have proposed the modi-
fied Stationarity, which is focused only on co-authors of a given author and not
on the whole community to which the author belongs. Therefore, this modified
Stationarity is defined for each author in the network and is perceived as dynamic
centrality. The relations in homogeneous co-author network are not only set by
the number of common publications, but are given by a context to terms used
by the author extracted from the article titles. This dynamic centrality calculates
with the evaluation by context of directed edges in co-author network. Such mod-
ified Stationarity gives us information about stability or dynamics of the author’s
neighbourhood that influences her/him, or about the stability and dynamics of the
author’s neighbourhood, which the author influences in relation to context.

Keywords: Co-author Network, Directed Network, Context, Dynamic Net-
works, Stationarity

1 Introduction

Co-author network of computer science bibliography (DBLP)3 represents an example
of dynamic complex network which can be analysed by various methods from the point
of view focused on network evolution [2, 3]. It records not only the evolution of the
whole network, but we are able to explore the evolution of author communities or se-
lected individual authors during 34 years. It is also possible to investigate DBLP as a
heterogeneous bibliographic network which contains multiple types of objects, such as
authors, venues, topics and papers, as well as multiple types of edges denoting different
relations among these objects. Several researchers [11, 2, 1] deal with analysis of com-
plex networks evolution with the focus on the community analysis and their evolution
in homogeneous networks [11] or heterogeneous networks [15]. Other articles [14] are
focused on prediction of relations in heterogeneous bibliographic networks.

3 Computer science bibliography (DBLP) website: http://dblp.uni-trier.de/



One of the methods for evolution analysis of co-author networks is evolutionary
clustering for heterogeneous networks [6, 15]. Gupta et al. present an algorithm which
performs such an agglomerative evolutionary clustering which is able to show variations
in the clusters over time with a temporal smoothness approach. Network evolution can
be also analysed on the centrality basis. For example in [8], authors study a model of
network evolution where links are created or removed based on the centrality of the
nodes incident to the links. Authors of article [7] propose a new centrality framework,
called composite centrality (CC). The idea behind the CC-framework is that one first
defines a set of characteristics of interest, and then chooses appropriate network (cen-
trality) measures. Authors of paper [4] apply the combined approach of a topic mod-
elling algorithm and a pathfinding algorithm to find whether authors tend to co-author
with or cite researchers sharing the same research topics. In citation networks, which
are directed and weighted, the authors of [9] present centrality for dynamic networks
that measures the number of paths that exist over time in a network. They use this metric
to rank nodes by how well connected they are over time to the rest of the network.

Our proposed method for stationarity calculation allows to evaluate stability of au-
thor’s co-authors. The network is defined by the context. Therefore, the stationarity is
also related to the stability of author’s research domains. The obtained centrality is in-
tended to be used for dynamic networks, in which the set of co-authors as well as the
set of terms vary during time periods. The proposed approach allows us to define the
evaluation of the directed edges within the co-authors network. We are able to evalu-
ate the edges from the author towards his/her co-authors and otherwise. These weights
are used for calculation of Stationarityin/out , which tells us how the author is stable in
relation to a set of co-authors and a set of used terms. Dynamic change centrality is
defined in [5]. However, this centrality does not work with weighted graph. The change
centrality of a node is a measure of the change of its connections over time, taking into
account its adjacent nodes, the adjacent nodes of the latter and so on. The weight of
changes of near and far neighbours depends on the choosing coefficients of the linear
combination.

In this paper, a directed co-author network is constructed using context. Context is
created by extracted terms which author used in titles of articles. Different sets of terms
used by different authors then give the orientation and the weight in a new evaluation of
relations in the co-author graph using the context. Therefore, a dynamics of evaluated
directed network is determined not for the whole network or co-author communities, but
for individual authors and their co-authors. Our proposed dynamic centrality describes
the author influence into his/her neighbourhood (Stationarityout ) or the influence of
his/her neighbourhood into the author (Stationarityin).

This paper is organized as follows: The proposed approach of creation of context
with a detailed description of the process which leads to a construction of new directed
co-author network is presented in Section 2.2. Section 3 introduces principles of net-
work’s dynamic, dynamic evaluation of the neighbourhood of the selected author and
our approach in the directed network created from DBLP and with the context. Exper-
iments for directed co-author network with the context for finding dynamic centrality
Stationarityin/out of selected author is presented in Section 4. A conclusions can be seen
in Section 5.



2 Network with Context on the DBLP

This section describes the way how to create a homogeneous network of co-authors
from the originally heterogeneous network DBLP. The evaluation of edges between the
authors is represented by context based on the terms extracted from the article titles.

2.1 Digital Bibliography Library Project

DBLP (Digital Bibliography Library Project) is a computer science bibliography
database hosted at University of Trier, in Germany. It was started at the end of 1993 and
listed more than 2.3 million publications in May 2014. These articles were published
in Journals such as VLDB, the IEEE and the ACM Transactions and Conference pro-
ceedings [10]. DBLP has been a credible resource for finding publications, its dataset
has been widely investigated in a number of studies related to data mining and social
networks to solve different tasks such as recommender systems, experts finding, name
ambiguity, etc. Even though, DBLP dataset provides abundant information about author
relationships, conferences, and scientific communities, it has a major limitation that is
its records provide only the paper title without the abstract and index terms.

2.2 Author’s Relationships with Context to Terms

We can create a one-mode graph from a bipartite graph [16], where the bipartite graph
captures relations between to different types of groups (authors and their join publi-
cations). These author’s relations would then be evaluated measuring the intensity of
their shared activity. We have added context obtained from a data collection using term
extraction [12] for the evaluation of relations.

Our method that we have used for more precise evaluation of the intensity of per-
son’s relations was to ascertain the context among authors and the terminology they
used in article titles in DBLP.

We use terms for evaluation of the relation between co-authors. We extend standard
evaluation of the relation, which is based on the number of the join publications or
articles, by a factor that represent context between author and terms selected from the
term set.

Term set is understood as a collection of all keywords, which are extracted from
titles of articles. A detailed description of term set was published in [12].

Let A be a set of all authors in dataset. We define a single author Ai. For Ai, it is
evaluated the strength of association with the other co-author. The strength of participa-
tion could be computed in a way that we go through all the author’s publications while
marking all the participated co-authors. Let set P be a set of all publications in DBLP
and PAi be a set of all publications of author Ai.

The Association between the co-authors Ai and A j can be defined by Jaccard coef-
ficient that reflects mainly the proximity of both co-authors from number of their join
publications:

Association(Ai,A j) =
|PAi ∩PA j |

|PA j |+ |PAi |− |PAi ∩PA j |
(1)



If this method is applied to all the authors, we obtain weighted undirected graph of
co-author network. This approach was inspired by [4].

If we define a set T as the set of all terms in the input text (titles of articles in DBLP)
and TAi as the set of all the terms that could be found in titles of articles of author Ai,
then tk is the term belonging to the author Ai (tk in TAi ). Thus, we define (tk in TAi) as
the number of occurrences of term tk in the input text TAi . This number is then approxi-
mated by the number of occurrences of term tk in the all titles of articles (tk in T ). The
higher value, the less relevant term tk becomes. In addition, the result is approximated
by TAi , because there is an assumption that TAi , which has a high cardinality, lower the
importance of the individual terms, while low cardinality indicates that the author has
only one subject matter. We can define the relevance of author’s terms as:

R(Ai, tk) =
(tk in TAi)

(tk in T )+ |TAi |− (tk in TAi)
. (2)

And in normalized form:

RNorm(Ai, tk) =
R(Ai, tk)

max(R(Ai, t1), . . . ,R(Ai, t|TAi |
))
. (3)

The ContextScore(Ai,A j) of undirected edges is calculated by following Eq.4 for
all terms in (TAi ∪TA j):

ContextScore(Ai,A j) = ContextScore(A j,Ai) = (4)
= Association(Ai,A j) ∑

tk∈(TAi∪TA j )

RNorm(Ai, tk)RNorm(A j, tk)

These equations form an evaluation in undirected graphs, but do not describe suffi-
ciently the situation in the co-author network. Relationships between co-authors are not
equal in both directions. Due to this reason, we have created an evaluation for directed
edges. The undirected relation weight includes relevancies of both authors in the eval-
uation of common relation (times Association). In directed graph, the relation weight
includes only the relevance of one author (times Association) to define the influence (or
power of the influence) of one author to another. Relevancy then represents the scope
of his/her interest within the all terms.

Then the ContextScoreD of directed edges is calculated by the next Eq. 5 for all
terms in TAi :

ContextScoreD(Ai,A j) = Association(Ai,A j) ∑
tk∈TAi

RNorm(Ai, tk) (5)

Similar situation is for the insufficient evaluation of edges due to time periods. A
evaluation of edges in directed or undirected graphs depends on the time. Relationships
between co-authors are not same in different time periods. So, we created an evaluation
for edges in specified time periods. We calculate only with publications in the speci-
fied time period. The definition of the Association(Ai,A j) is extend to definition of the
Association(Ai,A j, t0, tmax) where t0 is the begin of the selected time period and the tmax



is the end of the selected time period and Pt0,tmax
Ai

is the set of publications of author Ai
in time period < t0, tmax >.

Association(Ai,A j, t0, tmax) =
|Pt0,tmax

Ai
∩Pt0,tmax

A j
|

|Pt0,tmax
A j

|+ |Pt0,tmax
Ai

|− |Pt0,tmax
Ai

∩Pt0,tmax
A j

|
(6)

The ContextScoreP is calculated by the next Eq. 7 for selected time period and for
terms used by author Ai in this time period T t0,tmax

Ai
:

ContextScoreP(Ai,A j, t0, tmax) = ∑
tk∈T

t0 ,tmax
Ai

ContextScoreP(Ai,A j, tk, t0, tmax) (7)

3 Dynamic network analysis

Dynamic network analysis (DNA) varies from traditional social network analysis. DNA
could be used for analysis of the non static information of nodes and edges of social
network. DNA is a theory in which relations and strength of relations are dynamic in
time and the change in the one part of the system is propagated through the whole
system, and so on. DNA opens many possibilities to analyse and study the different
parts of the social networks. It is possible study behaviour of individual communities,
persons or the whole graph of the social network. We focus to analyse the behaviour of
neighbourhood (exactly adjacent vertices) of selected author extracted from the network
during a time period. The proposed approach which use dynamic metrics is inspired by
work of Palla et al. [13].

The AutoCorrelation function C(Ai, tv, t) is used to quantify the relative overlap
between two following neighbourhoods N(Ai, tv) = {A j;ContextScore(Ai,A j, tv) > 0}
of the same author Ai at t time steps apart:

C(Ai, tv, t) =
|N(Ai, tv) ∩ N(Ai, tv + t)|
|N(Ai, tv) ∪ N(Ai, tv + t)|

i = 1, . . . , |A|, (8)

where |N(Ai, tv) ∩ N(Ai, tv + t)| is the number of common nodes (members) in N(Ai, tv)
and N(Ai, tv + t), and |N(Ai, tv) ∪ N(Ai, tv + t)| is the number of nodes in the union of
N(Ai, tv) and N(Ai, tv + t).

Palla et al. [13] evaluate communities in the network using AutoCorrelation func-
tion. However, we are interested in dynamics of individual nodes in the network and
their neighbourhood rather then dynamics of different communities in the network.
Therefore, we have defined Stationarity for N(Ai, tv), a set of the all neighbour nodes.

Provided that we consider for each moment an unitary relation weight w(Ai,A j, tv)=
1 then Eq. 8 can be modified to Eq. 9:

C(Ai, tv, t) =
|N(Ai, tv) ∩ N(Ai, tv + t)|
|N(Ai, tv) ∪ N(Ai, tv + t)|

= (9)

=

∑
A j∈(N(Ai,tv)∪N(Ai,tv+t))

w(Ai,A j, tv)w(Ai,A j, tv + t)

∑
A j∈(N(Ai,tv)∪N(Ai,tv+t))

(max(w(Ai,A j, tv),w(Ai,A j, tv + t)))2



Then consider, that the time axis is equidistantly divided into the years, for example
t0 = 2000, t1 = 2001, . . ., tmax = 2014 and t is 1 year. The Stationarity of neighbourhood
of author Ai is defined as the average AutoCorrelation between subsequent states:

ζ (Ai) =
∑

tmax−1
tv=t0 C(Ai, tv, t)
tmax−1− t0

, (10)

where t0 denotes the begin of the observation, tmax is the end of the observation and t is a
step. Thus, (1−ζ ) represents the average ratio of members changed in the period [13].

Authors of the paper [13] found that the auto-correlation function decays faster
for the larger communities, showing that the membership of the larger communities
is changing at a higher rate. In contrast, they said that small communities change at a
smaller rate with their composition being more or less static. The Stationarity was used
to quantify static aspect of community evolution.

We extend our approach for the directed network with context which is created
from terms. We look on the Stationarity of neighbourhood from directed point of view.
The directed edges evaluated by ContextScoreD(Ai,A j) describe the influence power
of author Ai into author A j. AutoCorrelation is defined by a number of neighbours
of the selected node. Due to this reason, the original definition would be Cin = Cout .
However, this approach is not sufficient. Therefore, we have decided to eliminate a
specific amount of edges by the following rules:

– determine di f fi j = |ContextScoreD(Ai,A j)−ContextScoreD(A j,Ai)| for all i, j =
1, . . . , |A|.

– create distribution of the differences di f fi j and select the value bound = 0.01 as
threshold.

– if di f fi j < bound then same edges remain with ContextScoreD(Ai,A j) and
ContextScoreD(A j,Ai) else delete weaker directed edge and stronger edge has
a new weight w(strongerEdge)−w(weakerEdge) .

We have left the edges in both directions, if the authors influence each other by the
nearly same power. If one of the authors influences the other bound more, the stronger
edge has been left during the reduction.

Then we definite the AutoCorrelation in directed way by the Eq.11 The Auto-
Correlation function Cin/out(Ai, tv, t) is used to quantify the relative overlap of directed
weighted edges between two neighbourhoods Nin/out(Ai, tv)= {A j;ContextScore(A j/i,Ai/ j, tv)>
0} of the same author Ai at t time steps apart:

Cin/out(Ai, tv, t) =
|Nin/out(Ai, tv) ∩ Nin/out(Ai, tv + t)|
|Nin/out(Ai, tv) ∪ Nin/out(Ai, tv + t)|

i = 1, . . . , |A|. (11)

The StationarityD of neighbourhood of author Ai in directed graph is defined as the
average AutoCorrelation between subsequent states:

ζin/out(Ai) =
∑

tmax−1
tv=t0 Cin/out(Ai, tv, t)

tmax−1− t0
, (12)



The more increases Cin(Ai, t0, t), the more dynamically is Ai influenced by its neigh-
bourhood. If ζin(Ai) = 1 then the influence of neighbourhood into Ai is more static in
time. If ζin(Ai)< 1 then the influence of neighbourhood is more dynamic.

The more increases Cout(t), the more dynamic is the influence of Ai into its neigh-
bourhood. If ζout(Ai) = 1 then the influence of Ai into its neighbourhood is more static.
If ζout(Ai)< 1 then the influence of Ai into its neighbourhood is more dynamic.

4 Experiments

In general, Stationarity described in Section 3 determines the dynamics or the statics
of the author’s neighbourhood. We have generated weighted directed co-author graphs
for each year from 1980 to 2014 in the experiments. The first phase of the experiments
was focused on directed edges weighted by context ContextScoreP(Ai,A j, t0, tmax), see
Eq. 7. Such obtained graphs contained two edges with opposite directions and with
different evaluation between each two co-authors. As the edge evaluation is given by
context, we can claim that the edge direction for each author express his/her influ-
ence to his/her co-authors (out) or the influence of his/her co-authors to him/her (in).
Based on the consideration about the graph reduction and the reduction of less impor-
tant edges due to obtaining a real image of the author’s neighbourhood, we have defined
di f fi j = 0,01 and have removed the edges according to the method described in Sec-
tion 3. Then, we have calculated for selected authors AutoCorrelationin/out , see Eq. 11
and Stationarityin/out , see Eq. 12.

Based on the idea that the edge direction between the authors defines the influence
of his/her publication activity to his/her co-authors, we have to explain the meaning
of Stationarityin and Stationarityout . Sationarityin in this case means the measure of
stability or dynamics of the neighbourhood, which has the influence to the selected
author. Sationarityout in this case means the measure of stability or dynamics of the
neighbourhood, to which the selected author has the influence. Tab. 1 shows the values
of AutoCorrelationin and AutoCorrelationout for the selected author A6. As we can
see, the values did not much changed for the author A6 during the years 2008-2013.
Moreover, the values of AutoCorrelationin/out are very close for each year. That means
that neighbourhood Nin and Nout has changed in a relatively similar way in time. In
addition, we can notice that the values of AutoCorrelationin/out were for the author A6
the lowest in years 2011 - 2012. This means that the author has changed the group of
co-authors during this time period. Therefore, his/her neighbourhood seems to be more
dynamical.

AutoCorrelation 2008-2009 2009-2010 2010-2011 2011-2012 2012-2013

Cin 0.24242 0.23333 0.22222 0.11363 0.22727
Cout 0.24137 0.20689 0.20454 0.09302 0.22727

Table 1. AutoCorrelationin/out for selected author A6 and selected times



We have concentrated on several selected authors during last years in the ex-
periments. Table 2 and Table 3 show the selected authors and their Stationarityout and
Stationarityin for different time periods. The values of Stationarityout and Stationarityin
determine a neighbour stability of selected authors for particular time periods.

The selection of the authors was not random; we have selected the authors, whose
publication activity is known for us, and for whom we also know their co-authors. We
also have selected the authors with different publication activity. Due to this selection,
we have ensured the suitable test data collection which we are able to intuitively assess
and verify.

However, in our experiments, we do not use IDs nor author names, but we have
done anonymisation by our own identification A1-A6.

We can see the values of Stationarityin and Stationarityout for the author A1 in Tab.
2 and Tab. 3. The values are absolutely identical, which in our evaluation means that the
dynamics of the neighbourhood that influences the author A1 and the dynamics of the
neighbourhood that the author A1 influences is the same. Since the values are small, we
are talking about a relatively dynamic neighbourhood of the author A1. Very similar sit-
uation is for the author A2 with the difference that his/her neighbourhood is more stable
then the neighbourhood of the author A1. Observing the author A3, see Tab. 3, we can
find the gradual increase of the values of Stationarityout . This can be interpreted as a
possible stabilisation of the neighbourhood, to which has the author A3 influence. It can
be possible to predict its better stabilisation in the future. Considering the neighbour-
hood, which has the influence to the author A3, we can see in Tab. 2 that Staionarityin
stays nearly on the same value during the analysed time period. That means that the
co-author community of the author A3 that influences him/her is permanently dynamic
and do not stabilises.

Author ζin2005−2010 ζin2006−2011 ζin2007−2012 ζin2008−2013

A1 0.17334 0.17123 0.16423 0.16728
A2 0.22614 0.23612 0.22833 0.21554
A3 0.24186 0.27344 0.27344 0.29395
A4 0 0 0.08 0.18
A5 0 0 0 0.033
A6 0.22051 0.21232 0.180505 0.20777

Table 2. Stationarityin for selected authors and selected time period

5 Conclusion

In the paper, the authors proposed a modified method for determination of Stationarity
in a directed network. As the edge evaluation by ContextScoreD means the knowledge
scope, which one author can provide the other author, the Stationarityout during the
time corresponds with the influence power, which one author could have to the other



Author ζout2005−2010 ζout2006−2011 ζout2007−2012 ζout2008−2013

A1 0.17334 0.17123 0.16423 0.16728
A2 0.21446 0.22445 0.22375 0.21554
A3 0.22282 0.24504 0.23852 0.24236
A4 0 0 0.08 0.18
A5 0 0 0 0.075
A6 0.19422 0.19068 0.16129 0.19462

Table 3. Stationarityout for selected authors and selected time period

co-authors. Contrary to the previous statement, Stationarityin during the time corre-
sponds with influence power from the other co-authors to the given author. Presented
experiments show that the stability measure of the selected authors is low and the set of
co-authors change in time. Moreover, the influence power of the author to his/her neigh-
bourhood differs from the influence power from his/her neighbourhood to the author.
We intent to focus on other types of weighted directed networks, in which is important
to determine Stationarity of its members in the future.
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