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Abstract

Patterns of scientific collaboration and their effect on scientific production have been the subject of many studies. In this paper, we
analyze the nature of ties between co-authors and study collaboration patterns in science from the perspective of semantic similarity of
authors who wrote a paper together and the strength of ties between these authors (i.e. how frequently have they previously collaborated
together). These two views of scientific collaboration are used to analyze publications in the TrueImpactDataset (Herrmannova et al.,
2017) (Herrmannova et al., 2017), a new dataset containing two types of publications – publications regarded as seminal and publications
regarded as literature reviews by field experts. We show there are distinct differences between seminal publications and literature
reviews in terms of author similarity and the strength of ties between their authors. In particular, we find that seminal publications tend
to be written by authors who have previously worked on dissimilar problems (i.e. authors from different fields or even disciplines), and
by authors who are not frequent collaborators. On the other hand, literature reviews in our dataset tend to be the result of an established
collaboration within a discipline. This demonstrates that our method provides meaningful information about potential future impacts of
a publication which does not require citation information.
Keywords: collaboration networks, publication impact, text mining, semantic similarity, semantometrics
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1. Introduction
Many studies have focused on scientific collaboration networks (Newman, 2004), patterns of scientific collaboration
across disciplines (Friedkin, 1980), and on how these patterns affect scientific production and impact (Guimerà et
al., 2005). Within this area, it has been shown that newcomers in a group of collaborators can increase the impact of the
group (Guimerà et al., 2005), and that high impact scientific production occurs when scientists create connections
across otherwise disconnected communities from different
knowledge domains (Lambiotte and Panzarasa, 2009).
Existing works studying scientific collaboration networks
have often focused either on properties of the network or on
topical information pertaining to the nodes in the network.
In this work we develop an approach which combines both
network and topical information about the nodes. In order to gain insight into the types of collaboration between
authors, we investigate the possibility of utilizing semantic
distance in co-authorship networks together with the concept of research endogamy (Montolio et al., 2013) – the
1
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tendency to collaborate with the same authors or within a
group of authors; and study how these types of collaboration reflect scientific importance.
In contrast to previous studies combining topical and network information (Glenisson et al., 2005; Janssens et al.,
2006), our approach is beneficial in that it does not require
citation information or a complete network, and can therefore be applied to newly published works. This approach,
which we have introduced in a previous publication (Herrmannova et al., 2017), belongs to a class of methods referred to as “semantometrics” (Knoth and Herrmannova,
2014). In contrast to the existing metrics such as bibliometrics, altmetrics or webometrics, which are based on measuring the number of interactions in the scholarly network,
semantometrics build on the premise that full-text is needed
to understand scholarly publication networks and the value
of publications. In this work we test our approach on a
dataset of publications regarded as seminal and publications regarded as literature reviews by field experts, and
compare these two publication types in terms of collaboration patterns.

2.

Related Work

In this section, we review previous literature relevant to our
study. First, we discuss methods for measuring the strength
of ties in academic social networks, particularly research
endogamy. Next, we briefly discuss methods for detecting
communities in scholarly networks.

2.1.

Strength of Ties in Academic Social
Networks

Uncovering and studying patterns of academic social networks has been applied to many problems ranging from
identifying influential researchers (Fu et al., 2014) and
ranking conferences (Silva et al., 2014) to measuring re-

Proceedings of the LREC 2018 “Workshop on Computational Impact Detection from Text Data”,
Andreas Witt, Jana Diesner, Georg Rehm (eds.), 08 May 2018, Miyazaki, Japan

D. Herrmannova et al.: Analyzing Patterns of Research Collaboration – TrueImpactDataset
search contribution (Rocha and Moro, 2016) and the diffusion of innovation (Valente, 1996). One of the first studies
focusing on the strength of ties in social networks (Granovetter, 1973) introduced the concept “weak ties”, i.e. ties
across rather than within different communities or groups,
and discussed the importance of these ties for diffusion processes. The tactic used to measure the strength of the tie
between two individuals has in this case been to measure
the proportion of common ties shared by the two individuals (Granovetter, 1973). Other approaches used to measure the strength of ties have been the frequency of contact (Granovetter, 1983), mutual acknowledgement of contact (Friedkin, 1980), or the likelihood of a tie re-appearing
in the future (Brandão et al., 2017). (Newman, 2004)
has proposed a measure of closeness of two authors which
combines information about how many papers two authors
wrote together and the number of other collaborators with
whom they wrote them.
Following the ideas of (Granovetter, 1973) and later
(Guimerà et al., 2005), who classified agents in a network
as incumbents and newcomers, and have shown newcomers to a group help to improve its performance, (Montolio et al., 2013) have used the degree of new collaborations to rank conferences. The degree of new collaborations
has been quantified using a new indicator called “research
endogamy”, which captures the inclination of a group to
usually collaborate together. (Montolio et al., 2013) have
shown the reputability of computer science conferences is
correlated with the endogamy of their authors – low endogamy (i.e. less frequent collaboration) tends to be associated with highly reputed conferences, while lower quality
conferences tend to publish articles by authors who have
collaborated together on many occasions. (Silva et al.,
2014) have applied the concept of endogamy to ranking
publications and patents, and have shown low endogamy
publications tend to receive more citations.
Overall, the aforementioned studies demonstrate the importance of connections across communities, diverse collaborations, and newcomers to a group. These patterns tend
to be associated with high impact academic production.
Hence, in this work, we use the concept of research endogamy of publications as defined by (Silva et al., 2014) to
measure the strength of collaboration of a group of authors.

2.2.

Semantic Similarity for Community
Detection

Two approaches commonly used to detect communities in
academic social networks are: (1) using the graph structure of the network or (2) using textual information of the
nodes, e.g. by calculating semantic similarity between the
nodes (Ding, 2011). These two approaches have also been
used together to create maps of scientific communities in a
specific field (Glenisson et al., 2005; Janssens et al., 2006)
and to identify similar researchers (Cabanac, 2011). However, the network-based approach poses a significant challenge. Community detection in incomplete networks is a
challenging task which requires the use of non-traditional
methods (Lin et al., 2012). However, the complete network
may not always be available, or may be difficult to obtain.
For example, in order to identify whether two authors are
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members of the same community or of different communities, complete information about each of their communities
(other authors and links between them) are needed.
Furthermore, network-based community detection has been
shown to result in communities which span diverse topics, while text-based community detection helps in detecting nodes focusing on a specific topic (Ding, 2011). As
we are interested in studying individual publications for
which we may not have complete neighborhood information, we chose the text-based approach, and use semantic
distance (the inverse of similarity) to measure the similarity of authors. This is also beneficial, as the textual similarity provides information complementary to the endogamy
measure, which is calculated using topological information. By combining these two approaches, we are able to
study collaboration networks not only from the perspective
of tie strength, but also from the perspective of whether
each tie represents potential knowledge transfer within or
across disciplines.

3.

Approach and Dataset

In (Herrmannova and Knoth, 2015), we have proposed a
classification of research publications in which publications
are divided into four groups (Figure 1) according to the semantic distance and the strength of ties between the publications’ authors. In this paper, we provide an evaluation
of this approach. To do this, we use the recently released
TrueImpactDataset (Herrmannova et al., 2017) (Herrmannova et al., 2017) which contains publications of two types,
seminal publications and literature reviews, and compare
the collaboration patters of these two types of publications
in terms of author distance and collaboration frequency.

Figure 1: Types of research collaboration based on semantic distance of authors, and their collaboration frequency.
The semantic distance of a pair of authors is calculated using their previous publication record.
d(p) =

1
|A(p)| · (|A(p)|

1)

X

d(ai , aj )

(1)

ai 2A(p),aj 2A(p),ai 6=aj

Here A(p) is a set of authors of publication p. As explained
in (Herrmannova and Knoth, 2015), we calculate the distance for a pair of authors d(ai , aj ) by concatenating the
publications of each author into a single document. While
this is a very simplistic approach, it is also beneficial in
terms of complexity of the calculation.
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In order to measure the strength of ties between authors,
we combine the semantic distance with research endogamy
value of the publication. Research endogamy (Montolio et
al., 2013) is the tendency to collaborate with the same authors or within a group of authors. The research endogamy
of a publication is calculated based on research endogamy
of a set of authors A, which is defined similarly as the Jaccard similarity coefficient (Montolio et al., 2013; Silva et
al., 2014) (Equation 2). The research endogamy e(A) of a
set of authors is calculated as follows:
T
|
P (a)|
e(A) = Sa2A
| a2A P (a)|

(2)

Here P (a) represents a set of papers written by author a.
Higher endogamy value is related to more frequent collaboration between authors in A – a value of 1 means all authors
in A have written all of their publications together. On the
other hand, a group of authors who have never collaborated
together will have an endogamy value of 0.
Endogamy of a publication p is then defined as a mean of
endogamy values of the power set of its authors (Montolio
et al., 2013; Silva et al., 2014) (Equation 3).
e(p) =

P

x2L(p)

endo(x)

|L(p)|

(3)

Here L(p) is the set of all subsets with at least two authors
Sk=|A(p)|
of p, L(p) = k=2
Lk (p), where Lk (p) = C(A(p), k)
is the set of all subsets of A(p) of length k.

3.1. Methodology
To study the relation between author distance and research
endogamy we use our TrueImpactDataset (Herrmannova
et al., 2017), a multidisciplinary dataset of research publications containing seminal publications and literature reviews. We are interested in how these two types of papers
are situated with regard to author distance and research endogamy. We use the following methodology. For the publications in the dataset we collect and/or calculate the following measures: (1) author distance, (2) research endogamy,
(3) collaboration category (assigned to publications using
author distance and research endogamy, Figure 1), (4) total number of citations per publication, (5) number of citations normalized by number of authors, and (6) number
of citations normalized by publication age. To compare
seminal publications and literature reviews in our dataset
with regards to author distance and research endogamy we
use t and 2 tests to determine whether the values of the
measures are statistically significant for seminal publications and literature reviews. To analyze whether author
distance and research endogamy help in distinguishing between seminal publications and literature reviews in our
dataset we also analyze the distributions of both features
and the placement of seminal publications and literature reviews within the four collaboration categories (Figure 1).

3.2. Data
To collect all data needed for studying the measures introduced in Section 3., we have used three data sources:
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1. TrueImpactDataset2 (Herrmannova et al., 2017) (Herrmannova et al., 2017), which provides us with seminal publications and literature reviews,
2. Microsoft Academic (MA) API3 (Sinha et al., 2015)
which we use to collect metadata (particularly the information about authors and their publications) of the
papers in the TrueImpactDataset,
3. Mendeley API4 which we use to collect publication
abstracts.
Table 1 shows the size of the dataset. After collecting all
needed data the size of the original dataset was reduced to
144 publications (i.e. publications for which we were able
to obtain author information) – 75 literature reviews and 69
seminal publications. The row Number of authors shows
the total number of (non-disambiguated) authors of all papers in the dataset.
Publications in TrueImpactDataset
TrueImpactDataset publications in MA
Pubs with author information in MA
Number of authors
Total number of publications

314
298
144
758
27,653

Table 1: Dataset size. The table shows for how many of
the TrueImpactDataset publications we managed to get the
needed metadata and how many additional publications we
collected (i.e. including all other publications of the authors
in the TrueImpactDataset – row Total number of publications).

4.

Experiments

In this section, we investigate how seminal publications and
literature reviews are situated with regard to the extracted
features. To do this, we use the following methodology:
we take all of the 144 core papers and for each of them
collect the features defined in section 3.1.. To understand
whether seminal publications and literature reviews differ
in terms of these features we calculate an independent onetailed t-test for each feature except for the collaboration category feature which is categorical and for which we calculate 2 test. The t-test is a measure commonly used to assess whether two sets of data are statistically different from
each other. In other words, it helps to determine the features
that can distinguish survey papers from seminal papers. To
test the significance, we set the significance threshold at
0.05. Furthermore, for each feature we create a histogram
and by comparing these histograms for the two publication
types we gain insight into norms and placement of seminal
and survey publications in terms of metrics.
The complete results of the t-test are presented in Table
2 and the histograms for the five numerical features are
shown in Figure 2. For four of the features we reject the
2

trueimpactdataset.semantometrics.org/
aka.ms/academicgraph/
4
dev.mendeley.com/
3

Proceedings of the LREC 2018 “Workshop on Computational Impact Detection from Text Data”,
Andreas Witt, Jana Diesner, Georg Rehm (eds.), 08 May 2018, Miyazaki, Japan

D. Herrmannova et al.: Analyzing Patterns of Research Collaboration – TrueImpactDataset

20

Figure 2: Histograms of the five numerical features.
null hypothesis of equal means. The t-test tells us the values of these four features are significantly different for the
two sets of papers.
Metric
Mean author distance
Endogamy
Citations
Citations per year
Citations per author
Collaboration category
Table 2: Results of t- and

p-value
0.0327
0.3217
0.0012
0.0073
0.0110
0.0218
2

tests.

Next, we analyze the collaboration category feature which
is assigned to publications using the values of author distance and research endogamy (Figure 1). We calculate 2
test, which is a statistical test for categorical variables for
testing whether the means of two groups are the same, to
test whether the seminal publications and literature reviews
differ in terms of the collaboration category. The resulting
p-value is 0.0218 (Table 2), which is lower than our significance threshold of 0.05. This tells us that the means of the
two sets of papers differ.
Figure 2 shows the endogamy values for the dataset are
strongly skewed towards 0. Furthermore, the results of the
t-test suggest research endogamy by itself does not distinguish between the two publication types. However, when
combined with the author distance measure, a clear pattern
emerges, which is visible in Figure 3. Figure 3 shows the
relation between author distance and research endogamy,
represented as the number of publications belonging to each
collaboration category introduced in Figure 1. To create
this figure, we have first assigned each publication two values – its author distance and research endogamy. We have
then used median endogamy (0.0297) and median author
distance (0.4996) to separate the publications in the dataset
into the four categories presented in Figure 1.
The figure shows there are some differences between seminal publications and literature reviews. In particular, the
main difference between the two classes is that emerging collaborations (i.e. when the authors have not collaborated frequently together previously) are in our dataset
more common for seminal publications. On the other hand,
literature reviews seem to be a result of established collaborations within a discipline. These observations are consistent with previous studies which have shown that cross-

Figure 3: Number of publications belonging to each collaboration category across both publication types.
community citation and collaboration patterns are characteristic for high impact scientific production (Guimerà et
al., 2005; Lambiotte and Panzarasa, 2009; Montolio et al.,
2013). We believe this is an encouraging result which suggest semantic distance of authors combined with their endogamy value might be helpful in providing early indication of future impacts of a publication.

5.

Conclusions

This paper studied the relationship between semantic distance of authors which collaborated on a publication and
the strength of ties between these authors, which was assess
using research endogamy measure (a measure of collaboration frequency introduced by (Montolio et al., 2013)). More
specifically, we compared publications of two types – seminal publications and literature reviews – in terms of their
author distance and research endogamy values. Our results
show that there are distinct differences between these two
publication types in terms of collaboration patters. In particular, we found that seminal publications tend to be written by authors who have previously worked on dissimilar
problems (i.e. authors from different fields or even disciplines), and by authors who are not frequent collaborators
(i.e. emerging inter-disciplinary collaborations). On the
other hand, literature reviews in our dataset tend to be the
result of an established collaboration within a discipline (an
“expert group”). This demonstrates content analysis might
provide valuable information for research evaluation and
meaningful information about potential future impacts of a
publication which does not require citation information.
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