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Abstract
The world of science possesses an inherent inequality in the distribution of research out-
put and impact. Only a small minority of researchers is responsible for the majority of 
the knowledge production. However, little is known about the factors that might explain 
the prestige and the working habits of these researchers. In this paper, we therefore exam-
ine the coauthorship networks of the most productive European researchers over a 12-year 
time window, between the years 2007 and 2018. Explicitly, we look at the impact that these 
collaborative structures have upon the citations of the researchers. We show that highly 
productive researchers gain benefits in terms of citations by increasing their research out-
put, by embedding themselves in large geographically dispersed coauthorship networks, as 
well as by publishing with highly cited collaborators. These results substantiate a prestige 
effect (the best tend to collaborate with the best) that governs the behaviour of the most 
productive researchers. Our study thus contributes to the currently coalescing literature on 
profiling the European research elite, and we hope it will be informative to policy-makers 
in their efforts of driving Europe towards an integrated research area.

Keywords  Highly productive researchers · Coauthorship networks · Citations · Research 
productivity

 *	 Marian‑Gabriel Hâncean 
	 gabriel.hancean@sas.unibuc.ro

1	 Department of Sociology, University of Bucharest, 90‑92 Panduri St., 050663 Bucharest, Romania
2	 Faculty of Natural Sciences and Mathematics, University of Maribor, Koroška cesta 160, 

2000 Maribor, Slovenia
3	 Department of Medical Research, China Medical University Hospital, China Medical University, 

Taichung 404, Taiwan
4	 Complexity Science Hub Vienna, Josefstädterstraße 39, 1080 Vienna, Austria
5	 Department of Computer and Information Science, University of Konstanz, Universitaetsstrasse 

10, 78464 Constance, Germany

http://orcid.org/0000-0001-9358-5287
http://orcid.org/0000-0002-3087-541X
http://crossmark.crossref.org/dialog/?doi=10.1007/s11192-020-03746-5&domain=pdf


202	 Scientometrics (2021) 126:201–224

1 3

Introduction

It has been shown that the individual-level citation distributions are affected not only by 
the research productivity, but also by the collaborative structures embedding the research-
ers (Uddin et  al. 2019). These structures can be fruitfully approached, explored and sta-
tistically modelled by employing social network analysis, i.e., a social science research 
methodology focused on collecting data about the relationships among social entities 
(Wasserman and Faust 1994). Basically, two researchers are said to be connected or to 
share a coauthorship tie if they sign together at least one publication. These dyadic ties are 
the building blocks of coauthorship networks (Moody 2004).

Our study seeks to address the effects of coauthorship networks on the research perfor-
mance at an individual level. Previous literature addressing this topic is notably diverse in 
terms of the employed methods, the approached subjects or the availing statistical models 
and techniques. Network structure measurements (Abbasi et al. 2012b; González-Alcaide 
et  al. 2020) as well as network compositional attributes (Badar et  al. 2015; Ronda-Pupo 
and Pham 2018) have been shown to explain high research performance, preferential 
attachment or rich get richer effect (Perc 2014). Cross-sectional (Abbasi et al. 2011a) or 
longitudinal (Ductor 2015) data have been collected to reflect one or more research fields, 
academic journals, countries or regions (Hou et al. 2008; Scarazzati and Wang 2019; Sun 
and Rahwan 2017; Wang et  al. 2015). Statistical models and techniques, such as corre-
lation and cluster analysis (Abbasi et  al. 2012b; Medina 2018), factor analysis (Martín-
Alcázar et al. 2019), node-level regression models (Hâncean et al. 2014; Tu 2019), as well 
as machine learning algorithms (Sarigöl et al. 2014) have been put to work to explain or 
predict scientific success out of network characteristics. Studies looking at the relation-
ship between coauthorship networks and research performance have typically adopted two 
research designs. On one hand, the ego-centric network design that takes stock of a focal 
researcher (or an ego), her collection of co-authors (or the alters) and the special configura-
tion of coauthorship ties connecting them (Abbasi et al. 2012a; Wang 2016). On the other 
hand, the socio-centric network design that pays attention to how coauthorship ties config-
ure among the researchers embedded in bounded social units (departments, universities, 
domestic fields of research, countries etc.) (Abbasi et al. 2010, 2018; Guan et al. 2015a, b, 
2016; Hâncean et al. 2014; Perc 2010).

In the literature, few studies have been addressing the particular case of top performers, 
such as Nobel laureates (Gallotti and De Domenico 2019; Merton 1968), network stars 
(Andrikopoulos et  al. 2020), top Italian scientists (Abramo et  al. 2019), academic elite 
working in China (Yin and Zhi 2017), top researchers in Polish higher education system 
(Kwiek 2018). Evidence profiling successful researchers is still coalescing, despite the 
growing interest, among scholars, policy-makers and university top-management (Kwiek 
2016). Publication productivity and citations were proved to have a skewed distribution (a 
small minority accounts for the largest share of the output) (Perc 2014). In this context, the 
characteristics of the top performers are intrinsically crucial for disentangling excellence in 
research.

The aim of this study is to extend current knowledge of the most productive European 
Union (EU) researchers (n = 4588 that account for 0.03% of Scopus indexed researchers). 
We examine and analyse their coauthorship networks, both structurally and composition-
ally. Also, we assess the impact of these collaborative structures on the individual research 
success (citations). We provide evidence that might be useful for the currently emerg-
ing efforts of profiling most productive researchers. In this regard, we advance a novel 
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longitudinal-wise research focused on a balanced panel data of focal researchers embedded 
in ego-centric networks. This could possibly support designing research policies and pro-
ductivity strategies on multiple layers (faculty, institutional, country and EU level). Also, 
we contribute to the area of collaboration network studies, through employing an ego-cen-
tric network design wherein EU top researchers are regarded as focal nodes.

The remainder of this paper is organized as follows. First, we introduce the hypotheses 
referring to the effect of coauthorship networks on individual citations and draw the cor-
responding literature. Second, we present the key elements of the study design, the data 
sources and measurement, the variables and the statistical methods. Third, we highlight the 
main findings and end up by discussing our data, their implication and limits.

Background

The network perspective in studying scientific coauthorship

There is a considerable amount of literature arguing that research activity and productiv-
ity are inherently collaborative (Cummings and Kiesler 2005; Katz and Martin 1997). 
Some of the work conducted on this venue has grasped a collaboration network perspective 
(Newman 2004). According to this perspective, it has been found that not only the attrib-
utes of the researchers but also their patterns of relationships are relevant for advancing 
explanatory models (Badar et al. 2013, 2014, 2016; Rotolo and Messeni Petruzzelli 2013). 
Essentially, studies using this network perspective can be divided into two classes (Brass 
et al. 2004). One class investigates the antecedents (how networks emerge) while the other 
examines the consequences of the coauthorship networks (their impact). Put it differently, 
one considers selection processes while the other, networks as conduits for influence.

In terms of the antecedents, various social selection effects have been proposed: the 
tendency to co-author with similar others (homophily), with more prestigious research-
ers (preferential attachment, Matthew effect), or the tendency of one’s collaborators to 
write together (transitivity). For instance, it has been provided evidence on research per-
formance homophily in sociology (Hâncean and Perc 2016), ethnic homophily (Freeman 
and Huang 2015), sex homophily in economics (Boschini and Sjögren 2007), Matthew 
effect in the case of coauthorship ties to Nobel laureates (Merton 1968) or more prestig-
ious others (Borjas and Doran 2015; McCarty et al. 2013; Yin and Zhi 2017), transitivity 
in computer science (Zhang et  al. 2018), clustering and preferential attachment in phys-
ics, biology (Newman 2001), mathematics and neuro-science (Barabási et al. 2002; Jeong 
et al. 2003), or preferential attachment in Slovenia’s scientific collaboration network (Perc 
2010). Additionally, other studies have examined the preference to establish ties with co-
authors in the physical proximity (same country, same city, same institution) (Hoekman 
et al. 2010). These findings have suggested that coauthorship structures are not random but 
exhibit network autocorrelation as a specific feature (Friemel 2015). This class of research 
has been critical for understanding how researchers select their collaboration ties and clus-
ter together. Selection mechanisms have been brought forth to explain why authors create 
ties with similar others (positive selection) and drop ties with different others (negative 
selection).

In parallel, a great deal of attention has been paid to the consequences that the coau-
thorship network properties have on research productivity and performance. Networks 
have been addressed both structurally and compositionally (i.e., patterning and content). 
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Irrespective of the research design (either ego-centric or socio-centric), one line of work 
has looked at the impact of structural network features such as: size (number of co-authors) 
(Abbasi et al. 2010; Biscaro and Giupponi 2014), density and centrality measures (Abbasi 
et  al. 2011b, 2018; Li et  al. 2013; Liao 2011), normalized betweenness and closeness 
(Abbasi et al. 2011a), or unweighted betweenness (Abbasi et al. 2012a, b). Another line 
has focused on the compositional traits of the networks such as: the geographical diversity 
of the co-authors (Abbasi and Jaafari 2013; Gazni et al. 2012; Gazni and Didegah 2011; 
Sugimoto et al. 2017; Wang et al. 2015), the strength of ties (Ding 2011; Petersen 2015; 
Wang 2016) or collaboration frequency (Abbasi 2013). All these studies have assumed the 
idea that networks act as channels for influence and diffusion. And, consequently, specific 
network configurations and compositions have been found to hold a significant effect on 
research prominence and success.

Research hypotheses

Research productivity and citations are the result of complex dynamics. These are affected 
by both network formation and by resulting configurations. Based on the above discussion, 
we state that research performance is the effect of how co-authors are selected and, at the 
same time, of how coauthorship networks configure. Selection and influence processes are 
difficult to disentangle unless a time framework is provided. Accordingly, in this paper, 
adopting a 12-year time window, we control for selection effects and examine the impact of 
structural and compositional characteristics. Our work looks at the consequences of coau-
thorship networks and seeks to account for the citations distributions of the 4588 EU most 
prominent researchers.

In terms of structural network effects, we test for the degree centrality (the number of 
collaborators or the size of the ego-network) as well as for the strength of ties (the repeated 
collaboration). There is mixed evidence concerning the impact of these variables on the 
citation counts. On a dataset file of 5585 papers published between 1985 and 2013, in the 
area of climate change and disaster risk, it was argued that the degree centrality has a posi-
tive impact on citations counts (Biscaro and Giupponi 2014). Also, publication records in 
the field of information science and library science, between 2000 and 2009, indicated that 
researchers with a higher degree centrality perform better (Abbasi et  al. 2012a) or have 
a higher quality output (Abbasi et al. 2018). Similar results were reported for the field of 
chemistry, while controlling for the quality of the publications (Bornmann et  al. 2012). 
However, an analysis on longitudinal data (1980–2002, 1192 articles) in the field of stra-
tegic management highlighted that the number of co-authors does not have any effect on 
citations counts, in the presence of brokerage (a network characteristic indicating authors 
connecting otherwise disconnected researchers) (Collet et  al. 2014). Another study on 
articles in the vascular and endovascular literature revealed that the number of co-authors 
was not among the factors predicting increased citations (Antoniou et al. 2015). Despite 
these inconclusive evidences, we hypothesize a positive impact of the number of collabo-
rators (Hypothesis 1: Degree centrality positively affects the citations of most prominent 
EU researchers). In setting this hypothesis, we build on a previously reported longitudinal 
study (1960–2000) showing the positive effect of publishing in coauthorship in the context 
of 2.1 million patents and 19.9 million papers published in various fields (sciences and 
engineering, social sciences, arts and humanities) (Wuchty et al. 2007).

Few studies have examined in detail whether the strength of the collaboration ties affects 
the quality of research output. Results are inconclusive. Some authors reported a positive 
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impact that average tie strength has on researchers’ performance (Abbasi et al. 2011a). On 
the other hand, an inverted U-shaped relationship was found between network average tie 
strength and citation impact, on a panel of 1042 American scientists in several disciplines 
(biology, chemistry, computer science, earth and atmospheric sciences, electrical engineer-
ing, and physics), with papers published between 1980 and 2009 (Wang 2016). We aim to 
clarify these findings by testing a positive relationship between the frequency of co-author-
ing with the same collaborators and the citation counts (Hypothesis 2: Repeated collabora-
tion positively affects the citations of most prominent EU researchers).

Moreover, we extend the knowledge on the geographical dispersion of the collabora-
tors embedded in the networks of the most prominent EU researchers. Several studies 
have already demonstrated that an increase in the number of countries or of collaborations 
across geographical boundaries leads to an increase in the number of citations (Abramo 
et al. 2019; Gazni et al. 2012; Larivière et al. 2015; Puuska et al. 2014). However, a bias to 
collaboration with physically proximate partners was found in Europe (between 2000 and 
2007) (Hoekman et al. 2010), in Brazil (Sidone et al. 2017), Turkey (Gossart and Özman 
2009) or Finland (Puuska et  al. 2014). Spatial patterns of collaboration were also found 
among researchers in agricultural sciences, humanities, health sciences or ecology (Par-
reira et al. 2017). Therefore, our third hypothesis tests for the positive impact of geographi-
cal dispersion on citation counts (Hypothesis 3: Geographical dispersion of collaborators 
positively affects the citations of most prominent EU researchers). This predictor takes 
stock of the number of unique different countries wherein collaborators are based.

The impact of these structural (the individual-level degree centrality and the strength of 
collaboration ties) and compositional (the geographical dispersion of co-authors) network 
predictors is assessed while controlling for selection process (network antecedents) effects. 
Specifically, collaborators’ performance (co-authors’ citations) and proximity homophily 
(same country, same city, same institution). Additionally, the number of papers (author’s 
productivity) is also controlled for, due to its positive impact upon the citation counts and 
the number of co-authors (Bornmann and Daniel 2007).

Methods

Data and study design

Our paper aims to profile the most productive European Union (EU) researchers, irrespec-
tive of their research field. Accordingly, we cut-off the first 5000 researchers solely based 
on paper productivity. Subsequently, to build a balanced panel, we keep 4588 of them. The 
rationale of profiling this specific sample of researchers is to increase the understanding of 
the processes underpinning their out-of-the-ordinary research productivity as well as the 
citations of their work. We explicitly stress that our study is not about the most productive 
researchers in specific research fields. Given our general objective (aim), we do not per-
form any stratified or quota sampling and we are not interested in looking at the most pro-
ductive researchers in various specific fields. The sample of 4588 researchers is followed 
longitudinally for 12 years (2007–2018) resulting in a total of 55,056 observations. The 
individuals included in the panel are the EU-based researchers with the highest research 
output in the analysed time window.

In our study, we use the term ego to refer to any of the panel members and the term 
alters to designate an ego’s co-authors (this terminology is specific to social network 



206	 Scientometrics (2021) 126:201–224

1 3

studies). For both egos and alters, data on personal characteristics (institutional affilia-
tion, country, and city), on research productivity (papers and citations) and on coauthor-
ship relationships are retrieved from Scopus (the world’s largest database of peer-reviewed 
research literature; http://www.scopu​s.com). This information is used to test the research 
hypotheses.

For each of the panel members, the papers are indexed based on the publication year. 
We include in the analysis papers yearly published between 2007 and 2018. Subsequently, 
papers are assigned citation counts, i.e. the number of citations received since the publica-
tion year. The citation counts are dependent on the publication date. The older the publica-
tion, the more likely to receive more citations. In effect, for a specific ego, papers published 
in 2007 are assigned the citations received from the year of publication and until 2018. In 
a similar fashion, for example, papers published in 2011 are assigned the citations received 
since the year of publication and until 2018. A similar procedure is used to compute the 
citations of the alters’ publications.

We employ an ego-centric network study design. We build and analyse coauthorship ego-
networks wherein the ego (the focal node) is a panel researcher while the alters are her co-
authors. Coauthorship ties connect ego to alters as well as alters to alters, providing that they 
co-published at least one paper. In our collection of coauthorship ego-networks, we also mark 
whether two nodes repeatedly co-authored (the strength of the tie or repeated collaboration). 
For each of the panel researchers, we create 12 ego-networks (Fig.  1). Each ego-network 
reflects one of the 12 years (2007–2018). These networks capture the variables used in the 
analysis. Some of these variables measure network properties: number of co-authors (network 

Fig. 1   The coauthorship ego-networks of a researcher in each year, over 12 years (2007–2018). Note. Two 
nodes (researchers) share a tie if they co-authored at least one paper. As the tie thickness increases, the 
number of co-authored papers increases (the strength of the tie). The size of the nodes marks the number 
of citations. The triangle indicates the ego (the researcher) and the circled-nodes designate her alters (co-
authors). The colours illustrate geographical location. Nodes in blue are alters based in a different country 
than the ego’s. Red variants mark: same institution as the one of the ego’s (black-bordered red nodes), same 
city (full red bodes) and same country (red-bordered empty nodes). (Color figure online)

http://www.scopus.com
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size) and repeated collaborations (the strength of the ties or how many times two researchers 
co-published). Other variables measure compositional properties: the number of papers, the 
number of co-authors, the geographical dispersion (the number of unique countries wherein 
alters are based), the institutional affiliation data (the number of alters from the same country, 
same institution and same city), and alters’ research productivity (papers and citations). 

Statistical methods and variables

In our study design, the dependent variable is the count of the citations received by the egos’ 
articles published in a specific year. Additionally, our data come from a time-series cross-sec-
tional balanced panel of individual researchers. Following the practice in the field (Hausman 
et al. 1984) and due to handling over-dispersion in our data (Hilbe 2011), we employ negative 
binomial regression models (Shoukri 2018). Specifically, we use the negative binomial distri-
bution as it is implemented in a generalized linear model frame by the glm.nb () function in 
the MASS R-package (Venables and Ripley 2010). In the models, we keep the citations counts 
(the dependent variable) as raw integer numbers. We also include the publication year as a fac-
tor variable to control for the fact that papers’ citations are dependent on the publication date. 
This is an alternative equivalent solution to normalizing by computing the average number 
of citations over all papers published in any given year and divide the actual counts by that 
average.

Our statistical models include three independent variables: the number of co-authors (the 
ego degree centrality or ego-network size), repeated collaboration (the strength of coauthor-
ship ties) and geographical dispersion (the number of unique countries wherein co-authors are 
based). Before being introduced into the models, the number of co-authors is divided by the 
number of authors’ papers while the number of repeated collaborations is divided by the num-
ber of co-authors. Additionally, we use several control variables in the full version of our sta-
tistical models. Firstly, to control for the homophily effect, we enter the number of co-authors 
from same country, same institution and same city (before being introduced into the full mod-
els, these variables are divided by the number of co-authors). Secondly, to control for prestige 
effect, we enter the co-authors’ citations (divided by the number of co-authors’ publications). 
The year (as a factor variable), the ego’s country and ego’s number of papers are introduced 
in all the models (simple and full models) to control for global effects. A lagged variable for 
yearly citation counts with a shift of one year (lag 1 autocorrelation) is also entered to correct 
for serial correlation, i.e., the number of citations received by a researcher in the previous year 
(t − 1).

The negative binomial regression models are fitted both on the whole sample panel of 4588 
researchers, as well as on two sub-samples of 1155 individuals each (the upper and the lower 
25% of observations on paper productivity). This multiple application of the models allows us 
to examine the predictors’ behaviour. The results of the statistical fit are expected to indicate, 
for example, whether the upper 25% of the observations (the most productive 25% of the most 
productive) exhibit different patterns of coauthorship compared to the whole sample and to the 
lower 25% subsample.
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Results

Descriptive statistics

The largest shares of panel researchers are based in Germany (24%), United Kingdom 
(14%), Netherlands (12%), Italy (11%), France (9%), and Spain (6%). These six coun-
tries account for more than 76% of all EU most productive researchers (Table  5 in the 
“Appendix”). Additionally, ten countries host approximately 90% of the 4588 individuals 
(among these, we do not find any East European country). More than a third (35%) of the 
co-authors embedded in the co-publishing networks of the most productive researchers are 
based in countries of the European Union. Six countries account for approximately 25% of 
the total number of co-authors: Germany, United Kingdom, Italy, France, Netherlands and 
Spain (Table 6 in “Appendix”).

Table 1 reports descriptive statistics for the dependent variable, as well as for all the 
other variables. For illustration, we also present in Table 1 the number of co-authors based 
in different countries. On average, we found that citations exhibit a decreasing pattern. We 
note that the older the publication, the more likely to receive more citations. In addition, 
the citation window comes into play for the last year in our timeline (2018). In this respect, 
we comment that articles published in the first months of the year probably attract more 
citations compared to articles published in the last months (Levitt and Thelwall 2011). Par-
ticularly, papers published in 2007 received on average 721.7 citations (SD = 856.6) while 
papers, in 2018, received on average 11.5 citations (SD = 18.6). A similar trend is displayed 
by the co-authors’ citations divided by their articles. The ratios constantly decreased from 
2007 (M = 53.1, SD = 23.0) to 2018 (M = 1.0, SD = 0.5). It is noteworthy that the number 
of egos’ papers illustrate a drop at the end of the time window. This is most probably due 
to the lower coverage of SCOPUS. However, we do not exclude other factors (e.g., career 
age, funding opportunities, etc.). We decided to keep the entire time window as long as 
we do not know the precise causes. The number of co-authors (divided by the number 
of ego’s papers) and the geographical dispersion exhibit positive trends. Specifically, the 
number of co-authors increased from an average of 4.2 (SD = 3.1) in 2007 to an average 
of 7.9 (SD = 6.9) in 2018. The number of unique countries wherein co-authors are based 
followed a positive slope: from an average of 7.1 (SD = 5.2) in 2007 to an average of 9.7 
(SD = 7.6) in 2018. At the same time, the repeated collaborations are rather decreasing 
(this development is probably affected by the positive trend in the number of co-authors): 
M = 1.8 (SD = 1.1) in 2007 and M = 1.5 (SD = 1.3) in 2018. The time pattern of the various 
groupings of co-authors (i.e., from the same country, same city and same institution) is 
rather constant; with small variations that are observable if scores were reported with three 
digits after the decimal point. Except for 2007 (M = 0.5, SD = 0.2), the average of same 
country co-authors is 0.4 (SD = 0.2). For the case of the same city and same institution 
co-authors, the average is rather constant (M = 0.2, SD = 0.2 and M = 0.1, SD = 0.1, respec-
tively). The number of co-authors from different countries (divided by the total number 
of co-authors) is higher compared to the number of domestic partners. Furthermore, from 
2007 until 2018, this number slightly increased (M = 0.5, SD = 0.2 and M = 0.6, SD = 0.2, 
respectively).

Tables 2, 3 and 4 present the results of the negative binomial regression models for pre-
dicting citation counts for the panel data (n = 4588), as well as for the lower 25% (n = 1155) 
and upper 25% (n = 1155) of the sample, respectively. In each table, two statistical models 
are displayed: a simple model that do not control for co-authors’ citations (the prestige 
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effect) and co-authors from the same country, city and institution (proximity homophily 
effect), and a full model (including all the variables). Also, in the tables, the estimates 
(Est.) are provided together with their corresponding 95% confidence interval (95% CI), 
standard errors (SE) and the exact p value.

In Table 2, as predicted, the full model shows that repeated collaboration (Est. = 0.005, 
SE = 0.002, p = 0.008, 95% CI [0.001, 0.008]) and dispersion (Est. = 0.035, SE = 0.001, 
p = 0.000, 95% CI [0.034, 0.036] show a positive statistically significant impact on the 
citation counts. Contrary to our expectations, the size of the ego-network (the number of 
co-authors) displays a negative statistically significant effect (Est. = − 0.009, SE = 0.001, 
p = 0.000, 95% CI [− 0.010, − 0.007]). Referring to the control variables, we note that 
research productivity (papers) positively impacts upon citations (Est. = 0.028, SE = 0.000, 
p = 0.000, 95% CI [0.027, 0.029]). Across the ego-networks of the panel data research-
ers, the prestige of the alters (co-authors’ citations) is shown to be statistically significant 
(Est. = 0.026, SE = 0.000, p = 0.000, 95% CI [0.026, 0.027]). Results concerning the geo-
graphical proximity homophily are mixed. The number of co-authors from the same coun-
try has a statistically significant effect on citations (Est. = 0.061, SE = 0.019, p = 0.002, 95% 
CI [0.023, 0.098]). However, co-authors from the same city (Est. = − 0.095, SE = 0.027, 
p = 0.000, 95% CI [− 0.148, − 0.043]) and from the same institution (Est. = − 0.147, 
SE = 0.031, p = 0.000, 95% CI [− 0.208, − 0.086]) entail a negative effect on the dependent 
variable.

From the balanced panel data (n = 4588), we extracted two sub-samples. Specifically, 
we cut-off the lower and the upper 25%, based on authors’ paper productivity (number of 
papers). In this section, Tables 3 and 4 present the results of negative binomial regression 
models predicting citation counts for the lower 25% observations (n = 1155) and for the 
upper 25% observations (n = 1155), respectively. In Table 3, the full model indicates that 
the number of co-authors do not have any impact on the citation counts (Est. = − 0.003, 
SE = 0.002, p = 0.129, 95% CI [− 0.006, 0.001]). Additionally, repeated collaboration 
displays a statistically significant negative impact (Est. = − 0.028, SE = 0.008, p = 0.001, 
95% CI [− 0.044, − 0.012]) while the geographical dispersion exhibits a positive effect 
(Est. = 0.033, SE = 0.002, p = 0.000, 95% CI [0.030, 0.036]). Papers (Est. = 0.065, 
SE = 0.001, p = 0.000, 95% CI [0.062, 0.067]) and co-authors’ citations (Est. = 0.026, 
SE = 0.000, p = 0.000, 95% CI [0.026, 0.027]) hold a statistically significant impact on the 
citation counts of the less productive 25% of the full sample. In terms of spatial homoph-
ily, we observe similar results to the full panel data. Specifically, writing with somebody 
from the same country positively affects the dependent variable (Est. = 0.102, SE = 0.037, 
p = 0.006, 95% CI [0.029, 0.175]), whereas co-publishing with researchers from the same 
city (Est. = − 0.118, SE = 0.052, p = 0.024, 95% CI [− 0.221, − 0.016]) or based in the same 
institution (Est. = − 0.148, SE = 0.064, p = 0.021, 95% CI [− 0.273, − 0.022]) display neg-
ative effects. Table  4 reports the negative binomial regression results predicting citation 
counts for the sub-sample of the most 25% productive researchers of the entire panel. In 
the full model, repeated collaboration (Est. = 0.010, SE = 0.002, p = 0.000, 95% CI [0.006, 
0.014]) and dispersion (Est. = 0.035, SE = 0.001, p = 0.000, 95% CI [0.033, 0.037]) are 
revealed to have a statistically significant positive effect on the citation counts. At the same 
time, contrary to our expectations, the size of the ego-network (the number of co-authors) 
(Est. = − 0.017, SE = 0.001, p = 0.000, 95% CI [− 0.020, − 0.014]) has a negative impact. 
Among the control variables, paper productivity (Est. = 0.016, SE = 0.000, p = 0.000, 95% 
CI [0.015, 0.017]) and the prestige of co-authors (co-authors’ citations) (Est. = 0.025, 
SE = 0.000, p = 0.000, 95% CI [0.025, 0.026]) hold positive impact on the dependent vari-
able. Co-publishing with researchers based in the same institution has a negative effect 
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(Est. = − 0.265, SE = 0.060, p = 0.000, 95% CI [− 0.383, − 0.148]), while collaborations 
with researchers from the same country (Est. = 0.030, SE = 0.039, p = 0.444, 95% CI 
[− 0.046, 0.106]) and the same city (Est. = 0.007, SE = 0.055, p = 0.893, 95% CI [− 0.101, 
0.116]) are not statistically significant.

For all the negative binomial regression models, the reported scores for variance infla-
tion factor (VIF) are under a threshold of three. This indicates a lack of multi-collinearity 
between a specific independent variable and the other independent variables in the model 
(O’brien 2007). The VIF scores are computed using the summ () function available in the 
jtools R package (Long 2019).

Discussion

In this study, we profile the most productive EU based researchers in terms of published 
papers. A balanced panel of 4588 individuals is longitudinally observed between 2007 and 
2018. Data on research productivity and coauthorship networks are collected. We start this 
section by summarizing the key results with reference to our study objectives. We find 
that six EU countries (Germany, United Kingdom, Netherlands, Italy, France and Spain) 
account for 76% of the EU most productive researchers and for 25% of their co-authors. 
Remarkably, only a third of the authors’ collaborators are based in EU countries. This fea-
ture unveils the global dimension of these coauthorship networks. The high concentration 
of the most productive researchers in a limited number of European countries corrobo-
rates with other country-level bibliometric measurements of research output. For instance, 
Germany, United Kingdom and France are among the top ten countries that internation-
ally dominate natural-science research (Nature 2019). Furthermore, United Kingdom, 
Germany, France, Italy, Spain, and Netherlands are, in this order, the first EU countries in 
the world rank of indexed research output (both for 2018 and for the 1996–2018 interval); 
according to Scimago Journal & Country Rank (www.scima​gojr.com).

Our research is unsuccessful in supporting the positive impact of the ego degree central-
ity (Hypothesis 1). The size of the ego-network is a positive statistically significant pre-
dictor only if the prestige of the collaborators is not included as a control variable in the 
model. This result is similar to other previous findings in the literature. For instance, it 
was claimed that g-index (as a measure of research performance) is positively associated 
with ego’s normalized centrality (Abbasi et al. 2011a), with ego’s degree centrality (Abbasi 
et al. 2012a), and with node degree centrality (Bordons et al. 2015). Other studies under-
lined that co-authored publications achieve above-average visibility and impact (Abramo 
and D’Angelo 2015) or individual performance (Ductor 2015). However, we find that, in 
the presence of the co-authors’ citations effect, there is a negative association between 
the number of alters and the citation counts (the outcome variable). In our full negative 
binomial regression models, the co-authors’ prestige is indicated to have a positive statisti-
cally significant contribution to the citation counts. This may substantiate the existence of a 
selection effect in co-publishing: the tendency to collaborate with prestigious alters. Taken 
together, it is the prestige (co-authors’ citations) and not the number of the collaborators 
that positively predicts an increase in the citations received by the researchers in the panel. 
However, this result should be interpreted with caution. In a previous study, it was reported 
that the partners’ degree-centrality can affect ego’s performance and productivity (Abbasi 
et al. 2018). Consequently, it is unclear whether the attributes (citations, in our study) or 
the structural position of the co-authors positively affect ego’s citation counts. Future work 

http://www.scimagojr.com
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is needed to refine this result by controlling for both co-authors’ citations and structural 
characteristics. Moreover, a special attention should be given to the so-called H-index par-
adox according to which the average H-index of co-authors is usually higher than ego’s 
H-index (Benevenuto et al. 2016).

The evidence from our study gives support to a positive association between repeated 
collaboration and citations counts (Hypothesis 2). Our data illustrate that researchers gain 
benefits in terms of citations as a result of developing strong ties with their collaborators. 
This relationship is revealed after controlling for the spatial proximity homophily (same 
county, same city and same institution co-authors). This result lends support to previous 
evidence showing that the average ties strength of a researcher has a positive impact on her 
research performance measured as g-index (Abbasi et al. 2011a; Bordons et al. 2015) or by 
citation counts (Petersen 2015). However, a study on the academic productivity of Nobel 
laureates’ teams stressed that publications produced earlier in a sequence of repeated col-
laborations with a co-author are cited more compared to publications that come later (Chan 
et al. 2016).

Our findings also confirm that geographical dispersion (number of countries) of the col-
laborators positively impacts upon the citation counts (Hypothesis 3). According to our 
data, the geographical dispersion of the authors’ networks and the number of international 
collaborators continuously increased, one year after another. Interestingly, for the same 
time window (2007–2018), the number of domestic co-authors (from the same country) 
followed a decreasing slope. Our findings provide support to previous studies that argued 
top researchers to be inclined to rather engage in international collaborations (Abramo 
et  al. 2019). Also, we confirm previous results showing that international collaboration 
across six specialities is positively related to impact (Wagner et  al. 2017). Additionally, 
we extend previous findings indicating the preference of scholars from Southern European 
countries (Fernández et  al. 2018) or of researchers in general (Larivière et  al. 2015) to 
develop collaborations over long spatial distances.

Taken all together, our negative binomial regression models highlight that most produc-
tive researchers gain benefits in terms of citations if they deploy repeated coauthorship 
and constantly expand the geographical coverage of their collaboration networks. Also, our 
results show the positive effects of some of the control variables: paper productivity, co-
publication with prestigious collaborators and with alters from the same country (spatial 
proximity homophily). The results observed on the full sample of individual researchers are 
confirmed by the results observed on the sub-samples. There are nevertheless two excep-
tions. For the researchers in the first quartile (the lower 25% of the full sample), repeated 
collaborations have a negative estimate while the number of co-authors is not statistically 
significant.

These findings, however, need to be treated with care, given that our study may have 
several limitations. The first limitation refers to measuring research impact (prestige) and 
productivity by employing proxy variables (i.e., citations and papers, respectively). The 
second limitation is the focus on ego-networks and, especially, on first-order neighbour-
hoods (direct coauthorship ties). Therefore, our study does not address the structural 
aspects related to global networks (whole-networks) and indirect ties. The third limi-
tation lies in the fact that the current study is not specifically designed to take stock of 
the research fields. We are aware of the fact that different patterns of coauthorship, cita-
tions etc. may exist in different fields (Glänzel 2001) or in the course of a scientist’s career 
(Glänzel 2014). However, in accordance with the aim of our paper, we built a very gen-
eral sample that included the most productive EU based researchers within a specific time 
window (2007–2018), i.e., the individuals with the largest number of published articles 
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in a 12-year time interval. The examination of the most productive researchers stacked in 
various specific fields or across individual-level working environments exceeds the scope 
of this paper. For this reason, we did not perform stratified or quota sampling, or other 
statistical data selection procedures employing as sampling criteria: research fields, career 
stages, academic positions etc. Consequently, our findings should be interpreted with great 
deal of attention under an extremely general framework. It should be clearly noted that our 
findings might not be extended to the most productive researchers working in a specific 
research field, environment, or occupying specific academic positions. It may be very help-
ful for future research to use different research designs and data to validate our results. Fur-
thermore, controlling for research fields could be an excellent step towards increasing the 
generalisability of this study’s findings.

Despite these limitations, our paper however makes several contributions. First, we 
believe that our results may improve and increase current knowledge on the EU research 
elite (Kwiek 2016, 2018). We hope our research could support the efforts of the decision-
makers to integrate the EU research (Chessa et al. 2013) and to increase inclusion under 
the institutional framework of the European Research Area. On another level, we expect 
our findings to inform policy-makers and other interested parts about how network factors 
affect the impact of research output. As our data show, the coauthorship networks of the 
most productive EU researchers have geographically expanded and increased in volume. 
Despite this development, collaboration remains under a geographical bias (the tendency 
to co-publish with alters from the same country was found statistically significant). For 
instance, 76% of the research elite are based in a core of six EU countries and only 35% 
of co-authors are based in EU institutions. Additionally, collaboration is generally driven 
by the quest of co-writing with prestigious others (in our statistical models, co-authors’ 
citations account for research impact). The highly productive minority of EU researchers 
seem to be rather densely-knitted by repeated collaborations. At the same time, it is embed-
ded in coauthorship networks that are inherently domestic and globally oriented. Second, 
our paper contributes to the studies of collaboration networks. It highlights the importance 
of combining structural and compositional network properties in accounting for citation 
counts. Also, it makes use of a longitudinal bibliometric balanced panel data (Hâncean 
et al. 2020) to study the research productivity of individual scientists.

In summary, our work provides insights into the relationship between coauthorship ego-
networks and research impact. And, also, it adheres to the currently coalescing efforts of 
profiling the EU research elite.
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See Tables 5 and 6.
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Table 5   European Union-based 
most productive researchers 
(egos) by country. Source: 
Authors’ own calculations

The 4588 most productive researchers account for 0.03% of all the 
Scopus accounts

Country Frequency Percent (%) Cumulative (%)

1 Germany 1111 24.22 24.22
2 United Kingdom 662 14.43 38.64
3 Netherlands 530 11.55 50.20
4 Italy 522 11.38 61.57
5 France 406 8.85 70.42
6 Spain 273 5.95 76.37
7 Belgium 251 5.47 81.84
8 Sweden 146 3.18 85.03
9 Denmark 123 2.68 87.71
10 Finland 123 2.68 90.39
11 Poland 103 2.24 92.63
12 Austria 96 2.09 94.73
13 Portugal 54 1.18 95.90
14 Czech Republic 49 1.07 96.97
15 Greece 49 1.07 98.04
16 Ireland 26 0.57 98.61
17 Slovenia 21 0.46 99.06
18 Hungary 19 0.41 99.48
19 Romania 6 0.13 99.61
20 Cyprus 5 0.11 99.72
21 Luxembourg 4 0.09 99.80
22 Lithuania 3 0.07 99.87
23 Slovakia 3 0.07 99.93
24 Bulgaria 1 0.02 99.96
25 Croatia 1 0.02 99.98
26 Estonia 1 0.02 100.00

Total 4588 100.00 100.00
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