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a b s t r a c t

Networking via co-authorship is an important area of research and used in many fields
such as ranking of the universities/departments. Studying on the data supplied by the
Web of Science, we constructed a structural database that defines the scientific collabora-
tion network of the authors from Turkey, based on the publications between 1980 and
2010. To uncover the evolution and structure of this complex network by scientific means,
we executed some empirical measurements. The Turkish scientific collaboration network is
in an accelerating phase in growth, highly governed by the national policies aiming to
develop a competitive higher education system in Turkey. As our results suggest the
authors tend to make more number of collaborations in their studies over the years. The
results also showed that, node separation of the network slightly converges about 4, con-
sistent with the small world phenomenon. Together with this key indicator, the high clus-
tering coefficient, (which is about 0.75) reveals that our network is strongly
interconnected. Another quantity of major interest about such networks is, ‘‘the degree dis-
tribution’’. It has a power-law tail that defines the network as scale-free. Along with the
final values, the time evolutions of the above-mentioned parameters are presented in
detail with this work. In a good agreement with the recent studies, our network yields
some significant differences especially in growing rate, clustering properties and node sep-
aration. In contrast with the recent studies, we also showed that preferring to attach pop-
ular nodes result with being a more popular node in the future.

� 2013 Elsevier Ltd. All rights reserved.
1. Introduction

Exploring scientific collaboration in-between the inter-
national or nationwide scientists is attracting more and
more attention due to the usage of this data in university
ratings and the effect of social interactions on the science
and so forth. One of the reasons for this increasing atten-
tion in recent years is that, scientific collaboration net-
works are accepted as close prototypes of complex
evolving networks. The key feature of these scientific dat-
abases was the opportunity they offered: every links be-
tween the nodes (authors) were captured in the time
domain by the publication date of the relevant paper they
co-authored together. So, the dynamic evolution of the net-
work could be tracked explicitly [1].

The networks derived from the scientific collaboration
databases are of important value that the structure of these
networks and their way of composition and growth are so
natural as the growth and interconnectedness of the world
wide web [2,3], the fast spreading of epidemics [4–6] or
similar networks’ dynamics [7]. Since the links between
the nodes defining the collaboration network are con-
structed by the collaborators’ self decisions, these net-
works are between the areas of interest for the concepts
of evolution of cooperation [8–10] and coevolution
[11,12] as well. For these reasons, the scientific collabora-
tion networks are of interest for understanding the topo-
logical and dynamical laws governing complex networks,
rather than their bibliometric meanings [1,24].

There are various studies on growing networks, some
track distinct scientific sub-disciplines [1,22,23,27,28],
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while some track whole national databases [7,26]. The
motivation of this study has been to uncover the network
dynamics of a whole national scientific collaboration net-
work for a large time span and state out the similarities
and differences with the other studies in the literature.
This will also enable us to say a few words on the effects
of scientific improvements and developments of a nation
opposed to scientific collaboration network. We also aimed
to uncover the dynamic evolution of our network to lead
further predictions about the main parameters.
2. Dataset and preliminaries

Our dataset consists of the manuscripts data supplied
by the Web of Science, limited by the publications ad-
dressed from Turkey between 1980 and 2010. The html
formatted raw data was parsed in order to construct a
structural database in MS-SQL format, yielding three tables
namely: publication, author and collaboration. The collab-
oration table, indicating the author partnerships, helped us
to construct the co-authorship network up to a desired
year. In this network, every author is represented by a node
and a link is assigned between these nodes if the authors
write a paper together. In the structural database, the con-
struction date of each node and relevant link is signified by
the publication date in a year based resolution. So, the evo-
lution of the network in time is tracked well. This provides
us a dynamic view to the network, instead of investigating
its final static state.

Before constructing the network with the supplied data,
the factors affecting the data analysis need to be empha-
sized here. First, the authors in the database are represented
by their surname and initials. In some cases, this may cause
two separate authors to be considered as a single node. Also,
sometimes an author may not use his/her middle name in
some publications, that consequently causes one author
to be represented by two different nodes (i.e. instead of a
single node). These two cases are showed by Newman
[14] to be of the order of a few percents. Also, we would like
Fig. 1. Statistical properties of the Turkish scientific collaboration network. (A) T
the log-linear plot of the same data with an exponential fit a � exp(bx), where b =
shows the log-linear plot of the same data with an exponential fit where b = 0.1
to paint out another artifact that may cause misinterpreta-
tion of our database. If the fact mentioned above causes two
authors of different disciplines to be represented by a single
node, this will assign a fake link between rather distant dis-
ciplines (e.g. engineering and medicine) and this fake link
may introduce an effective artifact over the ‘‘average dis-
tance’’ computations because the interdisciplinary co-
authorships are awaited to occur seldom.

In the time span of 30 years, the co-authorship network
enabled us to investigate the issues like average distance,
degree distribution, publication statistics, network veloc-
ity, author statistics, clustering coefficient, number of
authors per paper and papers per author statistics and
links per node, as subjected to examinations in many stud-
ies including Newman [13,22,23], Barabási et al. [1], Perc
[7] and others [26,27].

Our Turkish scientific collaboration network starts with
774 authors in the year 1980 and reaches the value of
151,745 authors in the year 2010. In this time interval,
the number of publications, starting from 413, reaches
the value 237,409. These statistic results are visualized in
the following section, where the results of the empirical
measurements are also given.
3. Data analysis

Investigating the statistical properties of the database is
the first step of the data analysis procedure. Running
appropriate database queries, the illustration in Fig. 1 has
been obtained. The graph shows the growth of the collab-
oration network in Turkey over the years. The exponential
growth characteristic of the number of authors graph dif-
fers from the results reported by Barabási et al. [1] which
shows a smooth decay in the linear growth rate, and from
Tomassini and Luthi’s study [26] that indicates a linear
growth for the last 10 years of the time span. The exponen-
tial growth characteristics of our network (both the num-
ber of authors and publications) are outlined in the inset
graphs of the Fig. 1, where log-linear scaled data are well
he cumulative number of nodes (authors) vs. years. The inset graph shows
0.16. (B) The cumulative number of publications vs. years. The inset graph
8.
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fitted by exponential fits having exponents 0.16 and 0.18
respectively.

The involvement rate of the new authors to the Turkish
scientific collaboration network is unique in this manner
and this is probably as a result of Turkeys economic perfor-
mance over the last decade, which in turn effects the total
amount (i.e. �1% GDP allocated for the research, a figure
doubled within the last decade [29]; and the average in-
come per person reached $10,022 from $3,021 in the same
period [30]). In addition, we consider that the steeper
increasing rate of the Turkish authors’ community is pri-
marily boosted by the increase in the number of universi-
ties in Turkey (i.e. the total number of both state and
foundation universities has reached 170 from 76 within
the last decade), where the number of academicians have
increased by 50% in this period [29]. The dependency of
the academic grading with the scientific citation indexes
in Turkey also promotes the number of publications.

In this sight of view, although the recent framework
about scientific collaboration networks is similarly applied
to the Turkish scientific collaboration database, the results
are distinctive in pointing out the relation between eco-
nomic and social development of a country with its scien-
tific community.

The notion of accelerating in physical network systems
is recently studied. Smith et.al [32] defined the network
velocity v(t) as follows:

mðtÞB dMðtÞ
dNðtÞ ¼

mðtÞ
nðtÞ �

MðtÞ �Mðt � 1Þ
dNðtÞ � Nðt � 1Þ ð1Þ

Here, M(t) is referred as the number of total links and N(t)
is the number of total nodes at time t. The notations m(t)
and n(t) describe the rate of link and node additions
respectively. They also describe the acceleration of the net-
work as follows:

aðtÞ ¼ dmðtÞ
dt

ð2Þ

where the positive values of a(t) labels the network as
accelerating.
Fig. 2. (A) The evolution through the link-node phase space of total node and lin
velocity. The solid line corresponds to the exponential fit having exponent 0.10
We derived the time evolution of the link-node phase
space and network velocity graphs as shown in Fig. 2. Both
the number of total nodes and total links appear to in-
crease in time, so one can say from Fig. 2a that no negative
network velocity occurs in the network, consistent with
the study of Smith et al. [32]. In addition, right side graph
in Fig. 2 is attractive in the manner it demonstrates an
exponential increasing network velocity, contrary with
the mentioned study outlining three different networks
showing an initial accelerating trend before non-accelerat-
ing behavior is reached. Besides being an accelerating net-
work, the Turkish scientific collaboration network stands
out with maintaining this behavior in the whole time span.

In addition to the results mentioned above, we have ob-
tained the time dependence of average degree as shown in
Fig. 3. This value can be calculated as the average links
(number of collaborators) per nodes up to a desired year.
The graph yields a steep increment in time especially for
the last 6 years, thus we can say that the network has been
much more interconnected in recent years.

Considering the years spanned in the studies, the aver-
age degree values resulted by our study reaches uniquely
high values (35.03 in 2010) compared to MEDLINE – bio-
medicine (18.1 in 1999), Los Alamos archive (9.7 in
1999), NCSTRL – the computer science database (3.59 in
1999) [22,23], neuroscience database (�12 in 1998), math-
ematics database (�4 in 1998) [1], Slovenian database
(10.7 in 2010) [7], Swiss database (�4 in 2006) [26], Math-
ematical Reviews database (2.94 in 1999) [27]. We sup-
pose that this unique behavior is highly related to the
special case Turkish scientific community encounters,
mentioned above.

To uncover the relations between the papers and
authors, we derived the mean value of papers per author
and mean value for authors per paper graphs as in Fig. 4a
and b respectively. Fig. 4a shows that the productivity of
the authors increases in time, starting from the average pa-
pers per author value of 0.73 by the year in 1983, and reach-
ing 1.56 in 2010. Also Fig. 4b implies that the collaboration
tendency of the authors also increase by years, starting with
k numbers. The slope of the dashed line is 1. (B) The evolution of network
8.



Fig. 3. Average degrees (hki) of the nodes up to the given year (cumulative). The inset graph shows the log-linear plot of the same data with an exponential
fit a � exp(bx), where b = 0.08.
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an average authors per paper value of 2.43 for 1983, and
reaching 4.08 in 2010. One can say from the last three
graphs that the network gets more inner-connected
(Fig. 3), more productive (Fig. 4a) and more collaborative
(Fig. 4b) in time. But a fact that helps the raising regimes
in these graphs is that, our database spans all of the scien-
tific sub-disciplines including medical sciences and applied
physics, including some papers collaborated by hundreds of
authors (or research assistants as well). These papers are
regarded as super-node papers, taking the responsibility
for the scattered points in the right sides of Figs. 5 and 6a.

Compared to the other databases, we can say that the
average papers per author values of our database (repre-
sented in Fig. 4a) are consistent with mathematics and
neuroscience databases of Barabási et al. (�1 in 1998)
Fig. 4. (A) Average papers per author. (B) Average authors per paper
and smaller than Grossman’s Mathematics Review data-
base (6.87 in 1999) [27], Newman’s MEDLINE, Los Alamos
archive, SPIRES and NCSTRL databases (6.4, 5.1, 8.96, 2.22
respectively, in 1999) [22,23] and Swiss database (3.16 in
2006) [26].

The authors per paper values that we calculated seem
to be greater than all of the outputs mentioned in the stud-
ies above except for the MEDLINE and SPIRES databases,
where higher numbers of collaborations are evident.

An important quantity for such network topologies is
the degree distribution that gives the probability that a
randomly selected node has k links [1]. Our network states
a P(k) graph having a power-law tail as seen in Fig. 5a and
b, indicating that it is scale-free [15,16]. The power-law tail
is evident from the uniformly binned data on the left side
. (Based on the cumulative data up to the corresponding year).



Fig. 5. (A) Frequency values of the degree occurrences in the whole network, showing the cumulative data up to 1990 (r), 2000 (d) and 2010 (�). The lines
correspond to the power-law fits having the exponent 3 (dashed) and 1.7 (solid). (B) Degree distribution graph for the log-binned network data up to 2010,
with a power-law fit of exponent 1.9 performed.

Fig. 6. (A) Histogram of the authors (collaborators) per paper. (B) Histogram of the papers per author. (based on the cumulative data up to 1990 (r), 2000
(�) and 2010 (x).) (C) Distribution of the log binned data up to 2010 in A, with a power-law fit of exponent 4.3 performed. (D) Distribution of the log binned
data up to 2010 in B, with power-law fits of exponent 1.6 and 2.5 performed.
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graph, while the scaling regime is better seen on the right
side graph that shows the logarithmic binned data up to
2010 (as stated in [34]), with a pure power-law fit of expo-
nent 1.9 performed. The scaling property also indicates the
emergence of preferential attachment that the nodes con-
nect with higher probability to those nodes that already
have a larger number of links [1,15]. The meaning of the
degree distribution to follow a power-law is that, the num-
ber of vertices of degree x is proportional to x�a, where a
(exponent) typically lies in the range 2 < a < 3 in real world
situations [1,22,24,25,34]. The 10 year intervals also indi-
cate that the degree distribution is time dependent in our
network, having a decreasing exponent by the years.

Histograms of authors (collaborators) per paper and pa-
pers per author are also derived from the database, as
shown in the upper plots of Fig. 6. As seen in Fig. 6a, the
high tendency of publishing a paper oneself or with a col-
laboration of two authors until 1990 is dominated by the
tendency of collaborating with two, three or four authors
in 2010. This fact is consistent with the rising trends of
the average degree (Fig. 3) and the average authors per pa-
per (Fig. 4b) graphs.

The normalized and logarithmic binned data in the
upper side of Fig. 6 are presented in the lower side as dis-
tributions. Unlike the authors per paper characteristics
found by Newman [23], reporting power-law consistent
distributions having exponents of 6.2 for Medline, 3.34
for Los Alamos Archive, 4.6 for NCSTRL and finally 2.18
for SPIRES databases, our collaborations per paper distribu-
tion in Fig. 6c alters from a power-law fit, which we exam-
ined not to have exponential characteristics either.

However, the papers per author distribution (Fig. 6d)
seems to fit a power-law distribution with two scaling re-
gimes. The solid lines show how power-law distributions
with exponents 1.6 and 2.5 would look on the same axes.
The scaling regimes are also evident from the raw data
plotted in Fig. 6b. These values are in agreement with
Fig. 7. The average distance graph in the Turkish scientific collaboration net
Newman’s studies stating out the exponents 2.86 for Med-
line and 3.41 for NCSTRL databases [23], but in a greater
agreement with Lotka’s dataset compiled by hand in
1926 having an exponent of 2 [21].

An interesting search problem in a social network is the
degree of separation (average distance) between two users
[17]. Average distance is also referred as the length of the
shortest path between two random nodes, pointing out
the ability of two nodes to communicate with each other
[1]. Stanley and Milgram, in their pioneering work in the
1960s, concluded that people in the United States are
approximately three ‘‘steps’’ (distance) away from each
other [18]. Today, the average distance between two peo-
ple on Earth is accepted to be six [19]. This is commonly re-
ferred to as ‘‘six degree of separation’’ or ‘‘small world
phenomenon’’. To determine this quantity for our network,
we applied the breadth-first algorithm that Bakhshandeh
and friends [17] suggested to give optimal result if the start
and the goal nodes are explicitly defined and the search
operators are reversible as if in the social networks like
ours. Executing the search algorithm in a three-year reso-
lution, we obtained the graph presented in Fig. 7.

In is also in good agreement with the decaying charac-
ter of the study of Barabási et al. [1], our network presents
lower values (4.14 in 2010) of average distances compared
to the majority of the studies [1,7,22,23,26,27]. In the view
of spanning the whole scientific sub-disciplines of a coun-
try and using a considerably large time window, our study
has resemblance to Perc’s study [7] of Slovenian scientific
collaboration network that map the 50 years of database.
However, the resulting average distances in 2010 are in a
good agreement (4.14 for Turkey and �4.6 for Slovenia),
so is the Swiss database having the average distance 4.74
in 2006 [26]. We propose that the fake links effect that
we mentioned in the beginning of Section 2 (of this paper)
is a decaying factor over the average distances, as they
sometimes link authors from different sub-disciplines
work. The dotted line is the nonlinear fit having a minimum about 4.
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and shorten the distances between two random nodes. De-
spite this fact, our network is quite consistent with the
small world concept: a large network with small diameter
or average path length.

Another quantity, the clustering coefficient, measures
network clustering and describes symmetry of interaction
among trios of actors. It shows the probability that two of a
scientist’s coauthors have also coauthored a paper to-
gether. Topologically, it shows the density of the triangles
in a network, a triangle being formed when two of one’s
collaborators collaborate with each other [20]. The meth-
odology to achieve this quantity through a network is ex-
plained in [1].

Our network has a clustering coefficient graph (Fig. 8)
that shows a convergence in time to an asymptotic value
about 0.75, yielding a strong interconnectedness between
the nodes. This value is of the degree is not in line with
any of the mentioned studies above. However, the neuro-
science database (�0.76) in [1] seem to produce a match.
One extreme of defining a graph network is the regular
network which has a high degree of local clustering and
the average distance between the vertices is quite large,
while the other extreme is the random network which
shows negligible local clustering and the average distance
is relatively small [31]. Showing a notably small average
distance, our network yields random network property.
But the clustering coefficient (0.75) and the degree distri-
bution characteristics label our network as ‘‘small world’’,
in which the local neighborhood is preserved while the de-
gree distribution decays with a power law tail [33].

4. Getting the advantage of collaborating with a well-
known author

Most real networks exhibit preferential attachment.
This means that, there is a higher probability that a new
Fig. 8. The clustering coefficient graph, determined by the
node will be linked to a vertex that that already has a large
number of connections [15]. This phenomenon has been
investigated in several studies performed on complex net-
works. Some focused on the functional form of attachment
rate, while a portion of these studies show that the power-
law scaling regimes are governed by preferential attach-
ment [1,7,13,15,35]. The scaling property of our network
in Fig. 5 indicates the emergence of preferential attach-
ment, in the perspective outlined above.

In this part of our study, we aimed to show if a new
node gets an advantage by collaborating with a well-
known author that has already sufficient links to the other
nodes. To display the existence of such an advantage, we
labeled the new authors connected to the network from
2001 to 2010 as either collaborated with a popular author
(i.e. an author that has a degree exceeding the average va-
lue of 35, in the year 2000), or not. We considered a new
author ‘‘collaborated with a popular author’’ if s/he has col-
laborated with a popular one in any time between the
mentioned time span (not only the collaboration in his/
her first paper considered). Our processed database in-
cludes the degrees of all 151,745 authors in all discrete
years, so visualizing the evolution of the ‘‘labeled’’ authors’
degrees is possible as seen in Fig. 9.

The color coded evolution graph provides an interpreta-
tion about how the (degrees of) nodes evolve in time, as
mentioned in [7]. Comparing the two plots in Fig. 9, one
can say that the authors that have collaborated with a pop-
ular author (the right side plot) had more collaborators in
their network life. This view is also evident in Fig. 10 that
we present the degrees of the k-th ranked authors in a Zipf
plot. The solid line represents the degrees of the nodes that
have connected to high degree nodes, while the dotted line
represents the remaining nodes. These figures imply that
preferring to collaborate with high-degree authors results
in having more collaborators in a real network. To quantify
cumulative data up the indicated year in the x axis.



Fig. 9. Color coded evolution of the new authors added to the scientific collaboration network in the time span 2001–2010, The authors in (A) are the
55,144 authors that have not collaborated with the well-known authors, while the 49,246 authors in (B) have collaborated with the well-known authors.
Each vertical line refers to a single author, where the authors are ranked according to their degrees (the total number of collaborators) they have in the year
2010. Number one is the scientist that has the highest degree in 2010, author number two has the second-largest degree, and so on. The start of each vertical
line corresponds to the year the pertaining author received his/her first collaborator, i.e. when s/he became active and thus a part of the collaboration
network. The coloring denotes how the number of collaborators of each author increased over the years (from the time of becoming active till 2010),
according to the color bar on the right. The color spectrum is identical in both graphs, i.e. same colors indicate the same degrees in both sides, for
comparison purposes. But the right side plot has a larger color spectrum to secure displaying the higher degrees the authors hold.

Fig. 10. Zipf plot of the number of collaborators vs. the k-th ranked author on a semi-log (inset shows log–log) scale, as obtained for the year 2010. The solid
(upper) line corresponds to the authors that have collaborated with well-known authors, while the dotted line corresponds to the remaining ones.
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this issue, we can say that the authors collaborating with
the popular authors have an average degree of 18.45 in
2010, while the others have an average degree of 7.43.

Besides enabling the comparison of the two groups of
authors, the Zipf plot above is an instrument of examining
the expected distribution of the examined quantity [7,36].
If the log–log (inset plot of Fig. 10) plot had a linear outlay
of slope b, this would imply a power-law distribution,
promoting the linear preferential attachment property
indicated by the power-law tail of Fig. 5. But the inset
log–log plots show a negative curvature, in contrast with
the degree distribution figure, hinting an interesting
attachment rate. This issue make necessary to examine
the preferential attachment phenomenon for the network
by detailed means as in [1,7,13,35], that we propose to in-
clude in a further study.
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5. Conclusion

Scientific collaboration of people in a country presents
many interesting aspects of the community that has been
investigated. Narrowing the group to a specific area or uni-
versity, provides valuable information about that group or
university under the investigation. Here, we presented a
comparative study about a national scientific collaboration
network, formed by Turkish authors’ in a 30 year time per-
iod. Rather than merely focusing on its final state, we
investigated the time evolution of the main parameters
identifying the network.

First, we focused on the statistical parameters like
cumulative number of authors and papers, average degree,
average papers per author and average authors per paper.
First two graphs about the network size in yearly resolu-
tion showed us that our network grows exponentially in
terms of both the authors and papers, where the next
graphs about link addition and network velocity stated
out that the velocity tends to increase exponentially. This
shows that our network is in an accelerating regime. We
believe that, this feature is mainly due to the both eco-
nomic developments in Turkey and the results of higher
education reforms causing increases in the number of
researchers and capital allocated for scientific research. In
Turkey, the number of universities has increased from 76
to 170 over the last decade, where at the same time, the
number of academic staff increased from 76,090 to
111,495 [29]. In spite of the high growth rate of the net-
work, we can say that the number of papers per author is
still insufficient (1.56 in 2010) for a national scientific col-
laboration network.

In contrast with the evolving network models, scientific
collaboration networks yield nearly linear increase in aver-
age degree [1,26]. Our network also promotes this fact.
Also, as the years went by, the authors in our network tend
to make more collaboration in a separate paper, while they
participate in more publications in average.

In parallel with the statistical results above, the empirical
measurements also resulted time dependent parameters.
The average distance tends to converge slightly below 4,
where the clustering coefficient is to converge about 0.75.
These small diameter and highly clustered structure classi-
fies our network a strongly interconnected, supported by
the average degree characteristics mentioned above. All
these properties imply that, our network shows small-world
properties, while the degree distribution, with a power-law
tail, classifies our network as scale free in agreement with
the recent studies. The scaling regime also denotes that node
selection is governed by preferential attachment, which
would be worth to a further study on this network.

We also tested whether collaborating with a well-
known author provides advantage in having more degrees
in the later years. Visualizing the author activities for the
last 10 years, the last three plots show that connecting a
popular node makes an author more popular in later years.
This fact defines the other side of the mirror (i.e. preferen-
tial attachment provides advantage), while the front side is
stated out by most studies, implying that preferential
attachment occurs in real time networks.
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