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Abstract The paper presents analysis of core-periphery structure and transition dynamics
of individuals between the core and periphery in collaboration networks of Slovenian
researchers over 44 years. We observe the dynamics of individuals from three different
aspects: regarding the length of the presence in the core-strength, the length of intervals of
permanent presence in the core-stability, and the presence in different time periods-bal-
ance. We use clustering and classification machine learning techniques in order to auto-
matically group individuals with similar dynamics of behaviour into common classes. We
study collaboration networks of Slovenian researchers based on their publication records.
The data we used comprises about 18,000 researchers registered in Slovenian national
databases of researchers together with their publications from 1970 to 2013.

Keywords Core-periphery structure - Collaboration network - Machine learning -
Clustering

Introduction

Analysis of collaboration between scientists gained a new dimension when tools for
analyzing large complex networks have become more powerful and available to a bigger
spectrum of researchers. One of the first such analyses was performed by Newman (2001),
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who confirmed that scientists form a small world when they are connected in terms of
publication co-authorship. Publication activity of scientists is one of the basic means by
which scientific achievements are distributed and revealing patterns appearing in scientific
collaboration is an important tool in discovering how to increase research efficiency. For
instance, recently loannidis et al. (2014) confirmed that continuity of scientist’s publishing
activity results in findings with higher impact.

In the paper, we analyze collaboration between Slovenian scientists in the period from
1970 to 2013 based on the core-periphery partitions of the networks observing evolution of
the networks and development of scientists’ career paths. Partitioning of networks into
local, global or intermediate substructures has proved to help understand the properties of
networks in more detail. In recent years, studies of meso-scale structures are receiving
considerable attention, with community detection being the leading topic. Communities in
networks are subgraphs, which are “more dense as if some nodes from their neighborhood
would be adjoined to them”. As there is no strict definition of a community, various types
of network partitioning into communities have been proposed (see e.g. Harenberg et al.
(2014) for a survey).

In our analysis, we use another meso-scale network partitioning, called core-periphery.
The nodes belonging to the core should be densely interconnected, while the nodes in
periphery are connected sparsely. We study the dynamics of individuals migrating between
core and periphery from three aspects: regarding the length of the presence in the core-
strength, the length of intervals of permanent presence in the core-stability, and the
presence in the core in different time periods-balance. We use clustering and classification
machine learning techniques in order to automatically group individuals with the same
dynamics behaviour into common classes.

The rest of this paper is organized as follows. In Sect. 2, we present related work, in
Sect. 3 we describe the data, methodology and overview some basic properties of the
analyzed networks. Core-periphery time-series analysis using machine learning methods is
given in Sect. 4, while in Sect. 5, we discuss the results on few individuals from the
dataset. Section 6 gives conclusions and some ideas for future work.

Related work

Labeling data points as belonging to core or periphery has been addressed in different
contexts. Snyder and Kick (1979) examined data on international exchange and used
Wallerstein’s model Wallerstein (1974) of a tripartite division of countries into core,
periphery, and semi-periphery. Nemeth and Smith (1985) used the commodity exchange
data and partitioned the world economy to core, strong semi-periphery, weak semi-pe-
riphery and periphery. Smith and White (1992) used the same data to analyze the structure
of international economic exchange at multiple points in time. Alba and Moore (1978)
developed a method for locating denser, or more cohesive parts of networks by identifying
cliques which were aggregated when they were sufficiently overlapped. The method was
applied to an interaction network of nearly 900 individuals, revealing aggregated sub-
graphs with characteristics of social circles. Doreian and Fararo (1985) analyzed journal-
to-journal citation network to test position/role hypothesis stating that journals catering to
the same or similar audiences, with the same type of content have the same role in the
network. They analyze 21 psychology journals in 1950 and 1960 and show that the
position/role hypothesis is true. Mcauley and Leskovec (2014) studied the problem of
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identifying social circles withing ego networks with interpretable model that uses both the
structure of the network and user profile information.

In this work we analyze scientific collaboration network in Slovenia. Studying col-
laboration between researchers and the structure of its relations has been intense in the last
two decades: we refer e.g. to (Glidnzel 2001a, b; Gldnzel and Schubert 2005; Perc 2014).
One of the first studies on Slovenian collaboration networks have been presented by Perc
(2010a), where the author studied the evolution of the network, and Mali et al. (2010),
where it has been showed that the tendency to co-author in sociological community is
increasing and the quality of publications in relation to structural position in the network
has been compared. Perc provided further results on slovenian publication data in Perc
(2010b). Collaboration structures in Slovenian scientific communities were analyzed
by Kronegger et al. (2012), where co-authorship networks of four research disciplines
(biotechnology, mathematics, physics and sociology) from 1986 to 2005 were compared
and different co-authoring cultures were identified. Recently, two studies about interdis-
ciplinarity in Slovenian science using collaboration networks have also been intro-
duced Karlovcec and Mladeni¢ (2015); Luzar et al. (2014). Similar data was analyzed
by Jovanovi¢ et al. (2010), where the authors investigated collaboration in producing
scientific output in successor republics of Yugoslavia, and by Hancean et al. (2014)
investigating productivity of Romanian sociologists.

There are two types of the core-periphery concept: a discrete and a continuous model. In
the discrete model nodes belong either to the core which has a high density of edges, or to
the periphery which has a low density of edges. In continuous models each node obtains a
value describing its “coreness”. Computing these values is usually time consuming and the
current methods can be applied to networks of moderate sizes only. Thus, as our networks
are very large, we consider the discrete model in the rest of the paper.

Borgatti and Everett (1999) formalize an intuitive notion of a core-periphery structure
and recommend the model that maximizes connectivity between the nodes in core and
minimizes connectivity between the nodes in periphery, while it ignores the connectivity
between the nodes of the two partitions. They used the recommended model and developed
an algorithm for detecting core-periphery structure using combinatorial optimization
technique based on a genetic algorithm Goldberg (1989). This algorithm is slow and it can
resolute to local maxima not finding an optimal partition. The algorithm was implemented
in the UCINET Borgatti et al. (2002), which is one of the most commonly used tools for
social network analysis. Boyd et al. (2006) used the same approach of pruning the search
space and developed an algorithm based on simulated annealing Kirkpatrick et al. (1983),
and the Kernighan-Lin algorithm Kernighan and Lin (1970). Brusco (2011) developed an
exact algorithm based on the branch-and-bound technique, but this algorithm is feasible
only for very small networks with up to about 60 actors.

Lip (2011) analyzed the most common definition of the core-periphery structure and
deduced that the core can in fact be determined in time linear in the order of the network.
His algorithm is based on greedy approach and solves the problem exactly and efficiently
for both symmetric and asymmetric networks. Basically, it is shown that the optimal core-
periphery partition of a network (in the discrete sense) is obtained by putting the first
k nodes with the degree at least & into the core, and leave the others in the periphery. Due to
its time efficiency it is suitable for arbitrarily large networks and gives an optimal solution.
Therefore, we implemented Lip’s algorithm and used its output partitions in our analysis.
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Data description

Our analysis is conducted on scientific collaboration networks in Slovenia with two
researchers being connected whenever they co-author a scientific publication; namely, we
assign a weight of the number of publications coauthored by the two researchers to every
edge. We focused on journal and conference publications. In particular, we consider
original scientific articles, review articles, published scientific conference contributions,
independent scientific component parts or chapters in monographs, and scientific mono-
graphs. We use data of about 18,000 researchers registered in Slovenian national scientific
database (SiCRIS) in a span of 44 years (1970-2013). Note that we ignore collaboration
with foreign scientists, what results in a lower level of collaboration measured for the
scientists mainly performing research in narrow science fields. We also want to emphasize
that the data before the year 1990 may be incomplete, as a systematic recording of pub-
lications has been initiated later. However, in our opinion, the records for earlier years have
been added in such an amount that starting an analysis in 1970 still gives a sample
representative enough.

Since temporal component of the data is crucial in our analysis, we constructed a
collaboration network for each year in the period. After conducting initial experiments on
both—separate networks with only the nodes that collaborate in the specific year and
aggregated networks containing information from all the previous years—we decided to
use the aggregated version of the networks. This is a standard approach for analyzing
network evolution (Barabasi et al. 2002; Leskovec et al. 2007, 2008) and proved to be
better for tracking career of researchers.

By the definition of the discrete core Lip (2011), the only condition a node must fulfill
in order to become a core member is to have big enough strength, i.e. the sum of weights
on its incident edges, compared to the other nodes. Usually core members are the nodes
having many collaborations with different nodes. This suggests that the researchers in the
core of the network have more scientific collaboration and networking. Although core
membership implicitly implies a significant number of publications, one should bear in
mind that the core is not a measure of scientific productivity. For example, in our model an
extremely productive researcher is likely to be classified as a peripheral node if she mostly
publishes as a single author or in collaboration with just a few other colleagues. On the
other hand, a researcher with an average number of publications, which are coauthored by
many authors, may enter the core in our model.

From the definition, one immediately infers that the number of nodes in the core grows
slowly (from 7 in 1970 to 303 in 2010) compared to the growth of the entire network. In
Fig. 1, a chart in the logarithmic scale confirming this fact is presented.

In addition to their bibliographic records, the data about Slovenian researchers also
contain classification in which science branch an individual researcher is active. The
researchers are classified according to Slovenian Research Agency' into seven branches:
Natural sciences and mathematics, Engineering sciences and technologies, Medical sci-
ences, Biotechnical sciences, Social sciences, Humanities, and Interdisciplinary studies. In
Fig. 2, we compare representation of the science fields in the cores and in entire networks.
Observe that the proportion of researchers in the cores and in entire networks are very
similar during the observed time period, which is an indicator that the cores are well

! http://www.arrs.gov.si/en/gradivo/sifranti/sif-vpp.asp.

@ Springer


http://www.arrs.gov.si/en/gradivo/sifranti/sif-vpp.asp

Scientometrics

100k

14533
8618 11431
10k 5918

3730
2036

1295

1k 604

Order

100

O N ¥ © W O N ¥ O ¥ O N ¥ O ® O N ¥ O ® O N

~ ~ ~ ~ ~ 0 0 0 0 0 =3 (=3 (=2 =3 D (=3 [=3 o o (=3 ~ —

a O O O O o o O O o0 o O o O O O O O O © O ©°o

2232222223222 222LR R
All -~ Core

Fig. 1 The growth of the order of cores and the entire network in the logarithmic scale. The number of core
nodes grows steadily, slightly slower than the network itself. In 1970 about 6 % of the nodes of the entire
network were in the core, while in 2010 only 2 % of all the nodes are in the core

distributed within entire networks. There are however small deviations in the social sci-
ences and humanities, as the publishing culture in these fields is undoubtedly different.

Clearly, the networks we study are not entirely connected. There are several small
components, i.e. researchers that collaborate only with each other, but in the last years this
phenomenon is becoming more and more rare. It can be seen in Fig. 3 that in the early
years of analysis, when the number of researchers was considerably smaller, the collab-
oration was at an extremely low level. There were many components in the networks and
their number started to decrease in the 1990s. In 2013, there are still around 100 connected
components in the network but these are mainly the artifacts from the earlier years,
representatives of which already finished their scientific career. As our networks are
aggregate, such components remained. The size of the giant component, however, has
grown all the time and it comprises more than 99 % of nodes in 2013. It is not surprising
that already from 1978, all the core nodes were present in the giant component.

In the study of complex networks a considerable attention was given to their diameter,
i.e. how far from each other the nodes can appear in the network (it is customary that when
considering this parameter, only the greatest connected component is taken into account).
We compare the diameter of the network to the maximum distance between two core
nodes, separation, in Fig. 4. As already the analysis of science fields suggested, the sep-
aration of the core nodes is high, which confirms that there are researchers in the core
having no similar scientific interest at all. This confirms the hypothesis that the core is in
fact a backbone of the network and is not concentrated in just one part of the networks.

Analysis of core-periphery dynamics

In this section, we describe an approach to automatically group individuals according to
the dynamics of their transitions between the core and periphery throughout their research
careers. We group transition patterns according to three aspects: strength, stability, and
balance. The information about a node being in the core of a network in a particular
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Fig. 2 Distribution of researchers within seven science fields for the core researchers (fop) and the overall
distribution (bottom). One can notice that the proportion of core researchers from social sciences and
humanities is considerably smaller than in the entire network. Biotechnical sciences exhibit a drop in the
number of core researchers in the decade of 1990-2000

instance of time is used to build a set of transition features. The analysis is performed
through the following four steps (see Fig. 5):

L.

Computing the core-periphery partitions

computing the core-periphery partition of the collaboration networks for each year. In
this step, we obtain 438 researchers that were at least in one year a part of the core,
which are used in next steps of the approach;
constructing a feature set that quantifies discrete core-periphery time-series data based
on researcher’s participation in the core or periphery in different time points;
clustering to obtain groupings of individuals according to different degrees of core
stability, balance and strength;

building classification models describing the clusters.

In the first step, we apply Lip’s algorithm (described in Sect. 2) to the 44 collaboration
networks obtaining a core-periphery partition for each. Then, we use the partition data to
determine a 44-dimensional binary vector C(r) for each researcher r appearing in any of the
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Fig. 4 The diameter and the maximum separation distance between the core nodes during the observed
period. As the separation of core remains between 10 and 12 over the last three decades, we conclude that
the core is a backbone of the network rather than its center

networks, where the i-th component of C(r) = 1 if the researcher r is a member of the core
in the i-th network, and C(r) = 0 otherwise.

Feature construction

We experimented with about 20 features and finally selected the features listed in Table 1.
The features were computed for core-periphery time-series for each researcher (see Fig. 6
for an example of a core-periphery time series for a researcher).

Using the selected features, we selected and grouped to clusters the researchers
according to stability, balance, and strength of retention in the core. Selection of the
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Fig. 5 Architecture of the proposed approach using the collaboration network structure as captured by the
core-periphery analysis to study evolution of the network using machine learning techniques. The idea is to
observe researchers based on their track record as seen from the core-periphery analysis. We capture the
dynamics of individual researchers in feature vectors constructed from core-periphery data and use decision
trees to describe typical behavioral patterns

Table 1 Descriptions of features derived from core-periphery time series

Feature name Description

Number of ones Number of time points in core position

One ratio Number of time points in core divided by the total number of time points

observed

Num changes Number of transitions

One ratio X/Y Number of core time points in Xth part of the observed period (divided on

Y equal parts), divided by the size of Y

One balance X/Y Number of core time points in Xth part of the observed period (divided in

Y equal parts), divided by the total number of core time points
Balance entropy Shannon entropy with probability distribution given by one balance 1/6—one

balance 6/6

The focus is on dynamics of entering and leaving core of the network and the proportion of years in the core

core position (1988 - 1999)
—_—

periphery position (1970 - 1987) . periphery position (2000 - 2013)

\ \ \ \ \ \ \ \ \
1970 1975 1980 1985 1990 1995 2000 2005 2010

Fig. 6 An illustration of a core membership information for an arbitrarily chosen researcher. The researcher
in this example has periphery position in the period from 1970 to 1987. In 1988, she enters the core and in
2000, she moves back to the periphery. This kind of behavior may be noticed for a number of researchers,
with the period of being in the core varying in duration

features for clustering was done by applying expert knowledge and analyzing internal
criteria, specifically maximizing intra-cluster similarity and minimizing inter-cluster
similarity. We experimented with different sets of features and observed the composition
of obtained clusters. The goal was to obtain clusters that clearly divide researchers
according to the three sociological qualities we are observing. For a descriptive analysis
using the clustering part of the approach, we provided the complete set of features at the
input, so the algorithm could automatically select the most discriminative features.
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Clustering according to stability, balance, and strength

The goal of this approach is to describe individuals in the networks according to dynamics
of transitions between the core and periphery. To achieve it, we apply K-means clustering
of the nodes described with the features listed in Table 1. As a result of clustering we
obtain groups of nodes, which are similar according to some interpretable characteristics.
Namely, we group the features in such a way that the resulting clusters represent groups of
researchers with different core retention stability, core retention balance over time, and
strength of the core position.

Stability

Stability describes continuity and length of retention in the core. After entering the core,
highly stable individuals will retain in the core for significant amount of time, without
frequent transitions between the core and periphery. Experimentation and feature engi-
neering led to choosing the number of transitions between the core and periphery, ratio of
core years in the observed period and average length of continuous core periods, as the
features for clustering according to stability. The number of clusters was determined by
observing within group sum of squares (WSS) by number of clusters relation. Sum of
squares declines as new clusters are added, so we are looking for the number of clusters
where the reduction in sum of squares is large and where adding new clusters would result
with lower reduction. In this case four clusters have been chosen, namely low, medium low,
medium high, and high stability. The representative samples or cluster medoids are
depicted in Fig. 7.

Figure 8 represents distribution into clusters for six science branches into which the
researchers from the core are classified. The distribution in the branches contributing most
of the researchers to the core mainly follows the overall distribution presented in the last
column.

1 Low 1 Medium low
0 , 0 :
Lo r T T 1 T BRI AEREERERRY | T
1970 1980 1990 2000 2010 1970 1980 1990 2000 2010
Medium high High
1 1
0 0

] T T T v RRARN LRRRRRRRRL I 1
1970 1980 1990 2000 2010 1970 1980 1990 2000 2010

Fig. 7 Stability clustering medoids, where we observe four kinds of typical behavior. While some
researchers are frequently entering and leaving the core, the others are entering only a couple of times or just
once and staying in the core for a longer period
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Fig. 8 The distribution of core researchers into clusters per science branch. The majority of researchers
(73.3 %) that enter the core have high stability, with the highest proportion in Engineering and Technologies
(notice that the statistics for Social sciences and Interdisciplinary research is based on a small sample)

Balance

Balance shows in which parts of the observed time period an individual is present in the
core. Behavior can vary from continuous core position, to core position in time chunks of
different sizes distributed across the observed time period. Clusters defined by balance were
identified using one ratio X/Y and one balance X/Y, where the time period has been divided
into six equal parts. These features describe the amount of time units in core in different
parts of the observed time period. The time period is evenly divided into 2, 3, 4 and 6 parts.
For example, feature one ratio 2/3 has value 1.0 if an individual is present in the core during
the complete second third of the observed time period. One balance indicates that the
proportion of time spend in core during the time chunk in relation to the total number of
units spent in core is measured. For example, the feature one balance 5/6 has value 0.5 if an
individual has been present in the core for two time units in the fifth sixth part of the period
and has been four time units in total in the core during the complete observed time period.
Clusters based on the balance have been identified using the K-means clustering algorithm.
Five clusters have been identified and labeled start, start middle, middle, end middle and
end. The representative samples or cluster medoids are depicted in Fig. 9.

Figure 10 represents distribution into clusters for six science branches. Again, the
distribution in the branches follows the overall distribution, but most of the researchers
classified into the start cluster come from natural sciences and medicine, which is not
surprising as other branches have developed later.

Strength

Strength represents the ratio of the time in the core compared to the time in periphery.
Individuals with high strength are present in the core for the most of the observed time period.
By performing cluster analysis it was determined that the strength of the core position can be
appropriately defined using number of ones and core ratio features. The first feature is the
number of time units a researcher was in the core position, while the second feature is the core
ratio divided by the total number of time units in the observed period. Clustering on the basis
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Fig. 9 Balance clustering medoids, where we observe five typical behaviors relative to the time of the
observed period when a researcher was in the core

| .
0.75 I I I I

0.5

h . l .

. — I

Natural sciences & Math. Medical sciences Social sciences All

Proportion

Engineering & Biotechnical sciences Interdisc. research
Technologies

Year

Start [l Middle start Middle Middle end B End

Fig. 10 The distribution of core researchers into clusters per science branch. Most of the researchers are in
the core in the middle or towards the end of the observed period. The proportion of researchers in the core at
the start is the largest for Natural sciences, about 18 %, and the lowest for Biotechnical sciences, where
there is a large proportion of researches in the core at the end (notice that the statistics for Social sciences
and Interdisciplinary research is based on a small sample)

of strength of core position resulted in four clusters, labeled low, medium low, medium high
and high. In Fig. 11, plots of the cluster medoids are depicted.

Figure 12 represents distribution into clusters for six science branches. Similarly as
above, the distribution in the branches follows the overall distribution. It is somehow
surprising that most of the nodes are classified into the clusters medium high and high. This
in particular means that it is very likely that a researcher which enters a core, will be
present there for most of his career.

Descriptive classification modeling
In order to build models that produce descriptions of samples with respect to stability,

balance, and strength, the obtained clusters are used to build classification models. In the
previous steps, we used only the selected features, but here we are using all the features as
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Fig. 11 Strength clustering medoids, where we observe four groups of typical behavior. While some
researchers are in the core for rather short time or long time, the majority is in core for medium to high time

0.75

o . l . l

0
Natural sciences & Math. Medical sciences Social sciences All

Proportion
o
«n

Engineering & Biotechnical sciences Interdisc. research
Technologies
Year

Low [l Medium low Medium high High

Fig. 12 The distribution of core researchers into strength clusters per science branch. Majority of the
researchers from the core are more than medium of their active research time in the core. Being for high
time in the core is observed for Natural sciences, Engineering and Technologies and Medical sciences. The
proportion of researchers with low strength is the highest in Social sciences

the input for the classification algorithm. In this way, we see if the algorithm selects the
features that are related to stability, balance, and strength, respectively. The samples were
labeled according to the cluster membership and described with the complete set of fea-
tures from Table 1. The labeled samples were used as the training data to build decision
trees, which are descriptive classification models. The leafs of the trees give the class,
while the paths from the root to the leafs define the rules for each class. To keep the models
simple, we applied pruning and limited the depth to three layers, what slightly generalizes
the models. The resulting models for balance and strength have classification accuracy
bellow 100 %, while the stability model classifies each sample to the same class as
determined by the clustering.

Figures 13, 14 and 15 show decision trees for stability, balance and strength. Numbers
in nodes represent the number of researchers in each step of decision tree. Decision tree has
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I num changes<2.5 I | num changes>=2.5 |

Medium high High Low Medium low

Fig. 13 The decision tree classification model for stability. In this tree ‘num changes’ was the only feature
used for classifying the researchers into four groups with different stability

[ one ratio 5/6 >= 0.7 ] [ one ratio 5/6 < 0.7 ]

Start Late start

Fig. 14 The decision tree classification model for balance showing that the proportion of years in core in
the last part of the observed period is the most informative for determining the balance

root in the top most node. It contains all researchers that were members of core at least
once in their career. Every node of the tree has two successors, together containing all the
researchers from their parent, divided to the left or the right successor regarding the value
of the selected feature (the feature and the value interval is determined on the edge
connecting the parent with its successor). Descriptions of features used in the decision trees
are given in Table 1. For example, the root of the tree in Fig. 13 contains 438 researchers.
All the researchers with the value of ‘num changes’ smaller than 2.5 are moved to the left
child node, while all the others are moved into the right child node. Nodes that have no
successors are called leafs. Leafs are the final step of decision tree and they determine the
class of researchers.

The decision tree based on stability is plotted in Fig. 13. The classification model
automatically chooses the ‘num changes’ as the single feature for modeling stability and
determines thresholds for different stability classes. For example if the number of transi-
tions is greater than three, the samples are classified into low stability class.
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one ratio>=0.193

one ratio<0.193

num of ones<29.5

Medium Medium High Medium
low high high

Fig. 15 The decision tree classification model for strength. This model uses ‘one ratio’, number of years in
core and ‘balance entropy’ variables (described in 1), the researchers are classified into five different
strength groups

In order to generate a descriptive classification model for balance, the decision tree was
applied on instances labeled by balance clusters and described with the full set of features.
The resulting decision tree is plotted in Fig. 14. Depending on the proportion of core years
in the last part of observed period, the decision tree is divided into the left branch oriented
towards the end, and the right branch striving towards the beginning of the research period.
At the second level of the decision tree, ratios of core years in second fourth and last sixth
of the period are used for splits. Ratio of core years in the first fifth is used for distin-
guishing between start and middle start class.

The decision tree classification model build using the cluster labels for strength and the
full set of features is plotted in Fig. 15.

For classifying according to strength decision tree classification model automatically
chooses one ratio and the number of years in core as the most important properties. In the
first level is the core ration feature which immediately classifies researchers into low
strength class if the ratio of core years is less than 19.3 % of total years in the collaboration
network. If the ratio is above this value, absolute number of years in the core and balance
entropy are used for determining the class.

Discussion

Researchers can have different career paths. Some of them may instantly engage in many
collaborative activities, while others grow their collaboration network slowly in time.
Some of them spend several years working in industry at different points of their career,
while others concentrate only on research work and publishing scientific papers. All this
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influences the position researchers have in a collaboration network. We elaborated a
method for automatic clustering of researchers into groups according to their core-pe-
riphery position in collaboration networks over time. Here, we illustrate usage of the
classification model for describing core-periphery dynamics on researchers from educa-
tional sciences (researcher A), pharmacy (researcher B), and computer science and infor-
matics (researcher C). We apply the model to categorize their core dynamics according to
stability, balance and core strength. In Fig. 16, the time-series data for their core positions
is presented. We looked up for the years in which the exemplary researchers obtained their
PhD’s to put results in the context of researcher’s academic career. Note that this variable
was not used in the analysis, but rather as an additional information for interpretation of
exemplary results.

The researcher A obtained PhD in 1996, which was eight years after entering the
network. The researcher enters the core in 2008 and keeps the core position until the end of
the observed period. The model characterizes the researcher with high stability, middle end
balance and medium strength.

The researcher B entered the collaboration network in 1996 and obtained PhD in 2000.
In 2003, she enters the core, leaves it next year, but re-enters the core in the following year
and keeps the core position until the end of the observed period. Using the classification
model trained on the co-authoring network core dynamics the researcher is characterized as
medium-low stable, with middle-end balance and medium strength. Lower stability is
caused by core-periphery alternations between 2002 and 2005, balance is middle-end based
because the core position is roughly retained in the mid point since entering the network
until the end, and the strength is medium because the researcher is approximately half of
the time in the core position.

The researcher C obtained PhD in 1978, which is the same year as she entered the
collaboration network. The researcher stayed in the periphery of the networks for 22 years,
entered the core in year 2000 and maintains the core position until the end of the observed
period. The researcher’s core dynamics is characterized by high stability, balanced at the
end the observed period (end balance) and medium strength. Classification for researcher
A, B and C is summarized in Table 2.

1 Educational studies (researcher A) Pharmacy (researcher B)
1
PhD: 1996 PhD: 2000
0 0
1970 1980 1990 2000 2010 1970 1980 1990 2000 2010
Computer science and informatics
1 (researcherC) —
PhD: 1978
0

1970 1980 1990 2000 2010

Fig. 16 Core-periphery dynamics time-series data for researchers A, B and C from collaboration networks,
with the year of obtaining their PhD title marked
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Table 2 Classification of researchers from the illustrative example

Researcher A B C
Stability High Medium low High
Balance End Middle-end End
Strength Middle low Medium Medium

Conclusion and future work

The proposed approach combines structural analysis of a network based on core-periphery
partition and machine learning methods to study evolution of collaboration networks over
time. The approach is applied to collaboration network of Slovenian researchers capturing
their publication activity over the last 44 years.

We have shown that researchers exhibit different patterns of core-periphery dynamics.
Using our approach patterns of behavior can be identified and researchers can be auto-
matically classified into categories. This can be used to interpret behavior of individual in a
network that changes in time, as illustrated in the discussion section.

We used K-means clustering to identify the patterns, applied feature engineering to
group the features to characterize stability, balance and strength qualities and finally build
a decision-tree classification model that can automatically classify researchers. In this work
we applied feature engineering for three properties of core-periphery position, but the same
approach can be applied for other properties and network characteristic that can be
described with time-series.

We will continue our analysis with analysis of core-periphery structures within net-
works filtered to science branches. Different publication culture in different sciences is
evident and different behavior of core-periphery structure should be revealed within dif-
ferent sciences. Our analysis can also be combined with the analysis of communities,
showing how community detection can be related to core-periphery structure, and that
perhaps communities can be built around the backbone nodes. We believe that one can
introduce a measure for community centers/leaders. We will perform a similar analysis on
the networks of all co-authors of Slovenian scientists, in order to reveal the culture of
international collaboration within different science fields. Additionally we want to expand
this line of research beyond descriptive modeling and try to predict the structural position
of individuals.
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