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Abstract  
 

This paper studies the relationship between the position of individual scientists within co-
authorship networks and their scientific performance. Using co-authorship data from African 
scientists in the Health and Medical Sciences within a timespan of fifteen years (2000-2015), 
we characterize the collaboration networks and calculate centrality measures for each scientist 
to explore how scientific production and impact can be associated with their position within 
the network. Our findings reveal that authors who occupy a better position within their 
network and are deemed to actively collaborate with others also have a higher research impact. 
In this regard, South African scientists do not differ from those in the rest of the world.  
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Introduction  
 
According to Pouris and Ho (2014), single-author articles seem to be disappearing in Africa due to 

the effect of foreign funding sources. A rising awareness regarding the importance of strong research 

links within the scientific network has led to a sharp increase in the number of collaborations. As in 

the rest of the world, African scientists are embedded in research networks that influence and are 

influenced by their collaborations with other scientists and the recognition they receive therein. The 

complex set of interactions between co-authors influence the number of papers published and the 

number of citations they receive. 

In a networked environment, the position of each scientist plays an important role in diffusing 

knowledge. According to the literature, the number of citations is the most important indicator for 
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measuring the ‘success’ of scientific research. While the relationships between scientists may affect 

the visibility of their research, it is not still clear how the citation counts are related to network 

positions, especially in Africa. Studying networks of African scientists will help broaden our 

understanding of the collaboration relative to scientific performance measures. Some attempts have 

been made to find associations between network measures and citation counts (Otte and Rousseau, 

2002; Tahmooresnejad and Beaudry, 2018; Yan and Ding, 2009), but this relationship is not yet well-

understood, and has never been examined in Africa. 

The use of social network analysis has grown in importance over the recent years, particularly for 

identifying influential scientists. Co-authorship links offer a great opportunity to investigate the 

structure of scientific collaborations. As the number of co-authors grows with time, so does the size 

of co-authorship networks, making their structures even more complex. It is therefore a requirement 

to find the most appropriate measures to assess such structures and understand the collaboration 

patterns. The study of these complex network structures provides a rough indication of how 

knowledge flows and is exchanged among scientists prior to publishing articles. The sharing of ideas 

and experiences within scientific networks have gained the attention of scholars interested in 

detecting the patterns of such collaborations. 

This paper contributes to advancing knowledge on the use of social network analysis in measuring 

the role of scientific collaborations in the African publication landscape. African scientific co-

authorship has become an interesting topic as researchers try to shed light on the dynamics and 

motives for collaboration in the African research system. Pouris and Ho (2014) pointed out that 

collaboration patterns within the African continent are substantially higher in comparison to the rest 

of the world. They also found that during the five-year period of 2007-2011, the share of international 

collaborations grew by 66%. 

In this study, we characterize the co-authorship network of authors who published articles between 

2000-2015. We investigate the relationship between network measures and the performance of 

authors based on scientific production (publication counts) and impact (citation counts). This paper 

adds to the very few studies on the impact of collaborations and research output in Africa and thereby 

contributes to the current debate on the importance of collaborations for scientists in Africa, and 

particularly on how the internal and international collaborations among various countries and 

institutes affect research performance in Africa. 
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To perform this analysis, we build dynamic five-year networks to measure the evolution of 

collaboration over the years. We construct a variety of measures to investigate the relationship 

between network measures and the research output of scientists. We perform classic Social Network 

Analysis (SNA) to calculate various centrality indicators and clustering coefficient measures to 

identify which are best related to the performance of African scientists in the Health and Medical 

Sciences which includes three domains: Health, Biomedical Research and Clinical Medicine.  

Our research fills a gap in the literature regarding the influence of collaboration on scientific 

production and impact using detailed network measures of co-authorship for African scientists. The 

contribution of this paper is four-fold. First, we show that better connected South African health 

scientists, i.e. those that occupy more central positions in the co-authorship network, generally 

contribute to a larger number of publications which are then more cited. Second, diversifying the 

number of unconnected groups of researchers with whom they collaborate is also associated with 

greater scientific production and impact. In essence, South African scientists follow the pattern 

observed in the rest of the world. Third, while collaborating internationally more intensively will 

bring an increased number of citations for these scientists, it has no effect on the number of papers 

published, in other words, it increases quality, not quantity. Fourth, co-authoring papers with fellow 

Africans and South-Africans both contribute to increasing scientific production and impact. As a 

consequence, African science policy should not favor international collaboration (outside of the 

African continent) to the detriment of intra-African collaboration. Intra-Africa and international 

mobility programs should be further expanded, to mitigate the costs of such programs. 

The remainder of the paper is organized as follows. In the Background and related work section, we 

review the existing studies on co-authorship networks and how the performance of researchers is 

associated with different Social Network Analysis measures. The Methodology section then presents 

the dataset, the network measures and the regression models. A brief descriptive analysis is followed 

by the Results section which discusses the correlation between various network measures and 

research performance (scientific productivity and impact) using conventional statistical analysis. 

Finally, we conclude the paper with a discussion on the results and propose a few suggestions for 

future lines of investigation.  

 

Background and related work  
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There is a constant interest in the role of collaboration within the academic realm. Studies of 

collaboration have generally considered two approaches to measure the phenomenon: formal and 

informal collaboration among scientists. The former is assessed via joint papers and participation in 

various research groups. The latter arises from joint work involving teacher-student relationships, 

conference attendance and related networking, reviewing, journal editing, discussions with 

colleagues, etc. 

It is not clear which of these measurement approaches is the most relevant to evaluate collaboration 

within the academic community. Many studies have nonetheless focused on co-authorship as one of 

the indicators of formal collaboration since it is the most tangible, easily accessible, measurable, and 

well-documented forms of collaboration. Formal collaboration is basically easier to analyze in 

comparison to informal collaboration. The next section reviews the pros and cons of using such 

measures of collaboration. 

 

Co-authorship networks 

According to Laudel (2002), co-authorship is not an adequate measure of collaboration because all 

individuals who are involved in the preparation of a paper are not cited as co-authors. In fact, co-

authors are a subset of the contributors who are acknowledged as authors of the paper. Katz and 

Martin (1997) argued that there is a positive correlation between collaboration and co-authorship, but 

that it can only be considered as a partial indicator of collaboration. However, Glänzel and Schubert 

(2004) highlighted that studying the scientific collaborations through co-authorship provides a deep 

insight into the interaction between collaboration, scientific communication, and the performance of 

scientists. 

Collaboration between scientists is also a complex phenomenon which is influenced by both 

economic and scientific factors. For example, research funding, scientists’ mobility, or any change in 

their communication patterns, all affect collaboration. Even papers with a single author who is 

associated with multiple institutions implicitly manifest a form of collaboration by the very 

involvement of these institutions and countries between which the author is mobile (Glänzel, 2001). 

Glänzel and Schubert (2004) explored a higher level of aggregation in considering institutional 

collaborations. They found that inter-institutional collaborations can uncover an interesting 
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phenomenon regarding the effect of multiple affiliations, and thus association between different 

institutions, on collaborative patterns. 

Co-authorship networks have been studied extensively to understand the structure of scientific 

collaborations. In contrast with co-citation links, co-authorship affords a much stronger connection 

because co-authors generally know each other and have collegial relationships. Citations, on the other 

hand occur over a period of time and without any knowledge or relationship with the person or article 

cited. 

Not only does collaboration foster higher productivity, it also influences the citation process. Citing 

others and receiving citations has been shown to differ for co-authored papers as opposed to single-

authored papers. Persson et al. (2004) found that the list of references is longer in co-authored papers, 

largely because each author adds references to the list. As a consequence, the average number of 

references grows in direct relation with the number of authors. 

 

Co-authorship collaborations and social networks 

Similarly to the formal and informal measures mentioned above, in recent decades, different 

approaches have been considered for studying co-authorships. These approaches explore the reasons 

for scientists to collaborate and tries to analyze the consequences of these collaborations.  

The structure of co-authorship networks has been studied by Newman (2001, 2003, 2004) in order to 

understand how these collaboration patterns vary over time. The analysis of such structures provides 

insight into the structural changes related to collaboration. Co-authorships have proved useful to build 

the social network for testing various related theories and explore the structural properties of large 

academic networks. The questions that arise for our research are: 1) what social structure can be 

identified in these networks? and 2) how can this structure affect the impact of researchers? 

Social network analysis is essentially based on the relationship between actors. The graph’s nodes 

represent actors and the edges represent the interactions between nodes. In co-authorship networks, 

authors are represented by nodes which are connected if individuals have co-authored one or more 

papers. Characterizing academic networks using social network graphs at the individual level allow 

scholars to use graph theory to analyze the position or status of each actor in the network. Their 

position is usually expressed in term of centrality, i.e. measuring how central is the author in the 
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network. Centrality is one of the most widespread concepts in social network analysis. As its name 

suggests, centrality refers to the position (from the periphery to the center) of an author and how 

prominent is his or her role in the network (Troshani and Doolin, 2007). 

There are three typical measures of centrality in the social network literature: degree centrality, 

closeness centrality and betweenness centrality. Degree centrality is defined as the number of direct 

connections (co-authorship links) that a given author shares with other authors. An author with a 

higher degree centrality has therefore collaborated with many other authors in publishing, most 

probably, a large number of papers (Tahmooresnejad and Beaudry, 2018). 

Closeness centrality of an author expands the definition of degree centrality and determines how close 

an author is to the others in the network. An author with a higher closeness centrality has many short 

connections to the other authors. In essence, this measure is the inverse attribute of degree centrality, 

which means that a more central author has a smaller value of closeness centrality. In this regard, it 

is defined as the mean shortest distance by which an author is connected to all other authors in a 

graph. An author with the highest closeness centrality can reach others with the minimum number of 

intermediary nodes (Otte and Rousseau 2002). Borgatti (2005) interpreted closeness as a measure of 

the expected time necessary to receive communications through the network. 

Betweenness centrality is another well-known centrality measure defined as the number of times (in 

proportion) that a given author is “involved” in connecting two other authors via the shortest path 

across the network. More simply explained, it is the number of times that an author is found on the 

shortest path between any two authors in the network. The concept considers the proportion of the 

shortest paths between two authors that would pass through a given author, who is then deemed an 

important intermediary. Betweenness centrality measures the extent to which an author can facilitate 

the flow of knowledge, resources, or information within the network. Thus, an author with a high 

level of betweenness centrality can be considered as a crucial bridge to control the flow of knowledge 

across different parts of the network (Freeman, 1978; Boragatti, 2005; Li et al., 2013). 

Closely associated with the notion of centrality is the concept of “cliquishness” in the network. Past 

studies have considered the clustering coefficient or “cliquishness” to measure the tendency of 

authors to cluster together. A clique in the network is a subnetwork in which any author is directly 

linked to any other author of the subnetwork. This measure represents the likelihood that author A 

and author B are connected if author A and author C have a relationship and there exists a relationship 
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between author B and author C as well. The value of cliquishness is always a number between 0 and 

1. In order to have a better understanding of this indicator, we present three simple examples of 

networks with different measures of cliquishness for author A: the cliquishness for author A is higher 

in Figure 1c (equal to 1) and lower in Figure 1a (equal to 0). 

 
Figure 1- Example of three networks with different cliquishness 

 

The impact of co-authorship collaborations on research  

The empirical literature has examined whether co-authorship links lead to the higher productivity of 

scientists. Hamermesh and Oster (2002) pointed out that some authors may choose to work with other 

individuals with the same skill level. Two authors, however, are more likely to collaborate if they 

expect their joint productivity from this collaboration to be higher compared to their productivity 

from solo work. Because collaborations potentially increase access to new ideas and resources, Lee 

and Bozeman (2005) highlighted that the positive impact of co-authorship on productivity depends 

on the authors with whom individuals choose to collaborate. 

Lindenlaub and Prummer (2020) found that while degree centralities are beneficial for the 

performance, clustering plays a peer pressure role and its impact depends on the environment of the 

individuals and the gender. In another study by Ductor et al., (2018), high degree and low clustering 

were shown to be correlated with higher research performance. 
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In line with the research findings of prior studies, we propose that having a central position in co-

authorship networks increases an author’s chances of connecting to prolific scientists and is therefore 

more likely to gain a shared expertise which enhances his or her research impact. Our first hypothesis 

therefore reads as follows: 

H1: Authors that occupy a more prominent position in a co-authorship network also 

publish a greater number of articles 

H1a: Authors with higher degree centrality publish a greater number of articles. 

H1b: Authors with higher betweenness centrality publish a greater number of articles 

H1c: Authors with higher closeness centrality publish a greater number of articles 

H1d: Authors with higher clustering coefficient publish fewer articles. 

 

Chung et al., (2009) found that the number of citations received by papers that are written by a larger 

team of coauthors is greater than for single-authored papers. Prior studies have illustrated that the 

research impact may be increased by co-authorship links. For example, Yan and Ding (2009) found 

that there is a positive correlation between network measures and citation counts in co-authorship 

networks.  

Abbasi et al. (2011) and Li et al. (2013) studied the impact of centrality on research performance. 

Their findings revealed a significant and positive effect of degree centrality on research performance. 

They also highlighted that because an author with a high degree centrality is connected to many 

authors, that author would therefore benefit from the information and knowledge flow between these 

other authors. It is this connection that increases the likelihood that these benefits will improve the 

quality of papers, and consequently that these papers should receive more citations. Another possible 

explanation stems from the fact that his or her work is more likely to be seen by the authors who are 

directly or indirectly linked to that highly central individual. Hence, we expect that central positions 

in a co-authorship network would lead to higher numbers of publications and citation counts. 

Because prolific scientists are also prominent in their network, we postulate that: 

H2: Authors that occupy a more prominent position in a co-authorship network are more 

cited. 

H2a: Authors with higher degree centrality are more cited. 

H2b: Authors with higher betweenness centrality are more cited. 
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H2c: Authors with higher closeness centrality are more cited. 

H2d: Authors with higher clustering coefficient are less cited. 

 

Methodology  

Data 

The data used in this study have been extracted from the Leiden4 database of the Web of Science, 

from which we have extracted all the articles related to the Health and Medical Sciences for the period 

2000-2015. In order to identify the African scientists, we extracted all publications that had at least 

one African affiliation. Our data consists in a panel of African scientists that cover a fifteen-year time 

span. The dataset contains three domains in Health and Medical Sciences: Health, Clinical Medicine 

and Biomedical Research. 

Dependent variables 

Our analysis considers two dependent variables. The first is the average number of publications over 

three years for each scholar (AvgPublication3). The second addresses research impact as measured 

by the number of citation of the papers. Since the number of citations of an article tend to be low for 

the first few years after publication, we took this time lag effect into consideration and measured the 

total number of citations over three years. In our data, the citation of an article are collected three 

years after its publication, at which point the citation score is calculated (i.e. the number of citations 

in the paper, excluding self-citations). The variable used is the total number of citation scores over 

three years in our model (SumCitation3).  

Co-authorship networks and network measures 

Our two hypotheses focus on the four classic measures of centrality and cliquishness within co-

publication networks mentioned above: degree, closeness and betweenness centralities as well as the 

clustering coefficient. 

 
4 The University of Leiden’s Centre for Science and Technology Studies. This database was disambiguated by the 
Leiden scientists according to the algorithm proposed by Caron and van Eck (2014). The resulting database provides a 
unique author ID for each scientist. As databases are never perfect, we manually checked all records for which we had 
multiple similar names or multiple email addresses for the same surname – first-name or surname – initials groupings 
by searching for these individuals on the Internet in order to further disambiguate author names and correct any 
mistakes in the unique ID, using both email addresses and affiliations. The Centre for Research on Evaluation, Science 
and Technology (CREST) developed an extensive thesaurus of affiliations, in particular for the African affiliations, that 
was included in the Leiden database. 
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Ny denotes a co-authorship network in our model using all co-publication links from 2000-2015. We 

use intervals within that time period to build the sub-networks, which consist of the co-publication 

networks anytime from yt-(interval-1) to yt. Two authors are linked in this network if they have published 

an article together sometime in this period. In a five-year co-authorship network, which is the case in 

our study, the interval equals five and any two authors are connected if Authori publishes an article 

with Authorj within the period of yt-4 to yt. The network measures are calculated in the same time 

window for each individual author. To build the panel data necessary for our model, we calculate the 

network measures for each year and consider the network measures at the end of interval year (in year 

t). For example, for the yt =2005 the network measures are computed for the period of 2001-2005. 

We calculate the network measures of individuals in each specific domain of Health, Clinical 

Medicine and Biomedical Research since the centralities are not comparable without considering the 

authors specialization.  

The centrality and clustering coefficient measures of each individuals in the co-authorship network 

are calculated using Social Network Analysis (SNA) which maps and measures the relationships 

among individuals or groups to process the social structure through the use of graph theory. The 

degree centrality of Authork is calculated according to Eq.1: 

𝐷𝑒𝑔𝑟𝑒𝑒𝐶𝑒𝑛𝑡(𝐴𝑢𝑡ℎ𝑜𝑟!) = ∑ 𝑓(𝐴𝑢𝑡ℎ𝑜𝑟" , 𝐴𝑢𝑡ℎ𝑜𝑟!)#
"$%  Eq.1 

where n is the number of authors in the network and f(Authori, Authork) is a function that equals 1 if 

these two authors are connected and 0 otherwise (Freeman, 1978). The variable name used in our 

models for degree centrality is DegreeCent, and is defined for each of the three domains. 

To measure closeness centrality, a distance function is used. The closeness centrality of Authork is 

given by Eq.2 (and the variable name used in our models for closeness centrality is CloseCent):  

𝐶𝑙𝑜𝑠𝑒𝐶𝑒𝑛𝑡(𝐴𝑢𝑡ℎ𝑜𝑟!) = 1/∑ 𝑑(𝐴𝑢𝑡ℎ𝑜𝑟" , 𝐴𝑢𝑡ℎ𝑜𝑟!)#
"$%  Eq.2 

where n is the number of authors in the network and d(Authori, Authork) is a distance function 

(Freeman, 1978).  

Betweenness centrality takes the number of shortest paths between two authors in the network into 

account. Eq.3 presents the formula to compute betweenness centrality (which is referred to in our 

models by the variable BetwCent): 

𝐵𝑒𝑡𝑤𝐶𝑒𝑛𝑡(𝐴𝑢𝑡ℎ𝑜𝑟!) = ∑ ∑ &!"(()*+,-#)

&!"
#
/

#
" 	𝑤ℎ𝑒𝑟𝑒	𝑖 ≠ 𝑗 ≠ 𝑘 Eq.3 
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where gij defines the total number of geodesics5 from Authori to Authorj, and gij(Authork) represents 

the number of shortest paths from Authori to Authorj that passes through Authork (Freeman, 1978).  

If the edge eij connects Authori with Authork, the clustering coefficient or cliquishness for Authork is 

given by the proportion of links between Authork and the authors within its neighborhoods divided 

by the maximum number of links between them. Therefore, if Authork has Ak neighbors, the number 

of edges that could possibly exist among authors is calculated by  (#	((#1%)
2

. The clustering coefficient 

is defined as seen below in Eq.4, where ek is the number of links between neighbors of Authork 

(Hanneman, and Riddle, 2005). The variable name used in our models for the clustering coefficient 

is ClusteringC.  

𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝑖𝑛𝑔𝐶(𝐴𝑢𝑡ℎ𝑜𝑟!) =
23#

(#((#1%)
		 Eq.4	

 

Control variables 

In addition to the network variables of interest described in the previous section, we control for a 

number of effects that also influence scientific production and impact.  

The number of authors is considered as a significant predictor of research productivity. While Lee 

and Bozeman (2005) found that the number of collaborators in an article affects the publishing 

productivity, the extent of this effect is dependent upon the productivity of the collaborating scholars. 

Collaborating with highly-productive scholars increases the quality of a co-authored article; 

inversely, collaboration with low-productive scholars tend to decrease the quality of that article 

(Didegah and Thelwall, 2013; Tahmooresnejad and Beaudry, 2017; Aldieri et al., 2018). However, 

Beaver (2001) highlighted that there are numerous reasons to accept the idea that collaboration has a 

positive impact on productivity. In co-authored research, different scholars contribute their skills, 

experiences, and knowledge for the purpose of providing a synergistic effect for the team.6 

Collaborations with scholars from different countries tend to be associated with higher productivity 

(Narin et al. 1991; Sooryamoorthy, 2009). We observe that since 2000, African scholars have had an 

 
5 A geodesic is a path through the network that connect Authori and Authorj. 
6 We first employed the average number of authors in all articles of a scholar in a specific year (AvgnbAut) in our model 
as a control variable. We rapidly realised the importance of the location of the collaborators and therefore only report 
the results where the number of authors is separated by region (South Africa, Rest of Africa, and International, i.e. 
outside of the African continent). 



 12 

increasing tendency to carry out research that includes international collaborations. The increase of 

these international collaborations over the time magnifies the role of non-African countries listed in 

“African” publications. In order to take this measure into account, we tested both the number of co-

authors affiliated to international institutions (nbIntAuthors), i.e. measured here as outside of the 

African continent7,8. We also investigated the collaboration that South African’s have with the rest of 

Africa by calculating the number of the co-authors whose African affiliation is in countries other than 

South Africa (nbROAfrAuthors). To ensure that we account for the total number of authors, we 

include the number of authors from South Africa (nbSAAuthors).9 

An additional control measures the diversity of the disciplines associated to the authors’ papers. For 

this purpose, we employ the Herfindahl-Hirschman Index (HHI) of the subject categories associated 

with the journals in which the papers are published. This common measure of market concentration 

is often used in the literature as an indicator of variety. In our case, the HHI measures the variety of 

fields in which an author has published articles (DiversityDiscipline). HHI equals 1 if the author 

publications in a given period have the greatest concentration. The formula for this index presented 

below (Eq. 5) uses the weights of each discipline (measured by the subject category) for each journal 

 
7 Although we tested both the numbers and the proportions of authors per region (PropIntAuthors, PropROAfrAuthors, 
PropSAAuthors), only the former will be presented in the paper. The results are more reliable because they do not share 
a common denominator. 
8 It is also relevant for African scientists to collaborate with countries outside of the continent that speak the same 
language such as English, French, and Arabic. During the course of our analysis, we did not find robust results in this 
regard. These results are therefore omitted from the paper. 
9 Employing the Herfindahl-Hirschman Index (HHI) logic, we also calculated the diversity of countries 
(DiversityCountry) and institutes (DiversityInstitutes) associated with the author list of each paper. In addition to being 
strongly correlated with one another, with the number of authors, and those from international regions (see the correlation 
tables in the appendix), these variables did not add any more insight to the regression analysis compared to splitting the 
number of authors by region. The formulas to calculate both measures are explained below. If all authors’ affiliations are 
from the same country, the calculated country HHI equals 1 and therefore the diversity of countries equals 0. At the other 
end of the spectrum, if the paper comprises one author per country, then the calculated country HHI equals 1 divided by 
the number of countries and the diversity of countries is 1 minus that number. A similar variable was built for the diversity 
of institutes. If all authors are from the same institute, the calculated institute HHI equals 1 and the institute diversity 
equals 0, and if there is one author per institute, then the calculated institute HHI equals 1 divided by the number of 
institutes and the diversity of institutes is 1 minus that number. 

DiversityCountryp=1 −
∑ %!"
#!$
!%&

&∑ %!
#!$
!%& '

"  

where nc is the number of authors of paper p whose affiliation is in country c, and Ncp represents the total number of 
countries listed in the affiliations of paper p. 

DiversityInstitutep=1 −
∑ %'

"#'$
'%&

&∑ %'
#'$
'%& '

"  

where ni is the number of authors of paper p whose affiliation is i, and Nip represents the total number of different 
affiliations i associated with the author list of paper p. 
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in which the papers are published. The disciplinary diversity is calculated using the HHI based on the 

publications of each author in each specific year: 

DiversityDiscipline(𝐴𝑢𝑡ℎ𝑜𝑟!)=	1 −
∑ 5∑ 6(

)*
*+, 7

-)(*
(+,

8*-
	 Eq.5	

Where Np is the total number of papers p published by author k in a given year, Ndp is the total number 

of subject categories associated with the journal in which the article p is published, and wd is the 

weight of each subject category (discipline) d associated with the journal in which the article p is 

published10.  

Finally, the last control variable used in our models for examining the research impact is the citation 

score of the journals in which the articles have been published, otherwise known as normalized 

journal score. We include the average normalized journal citation score over three years (AvgNJS3) 

in our models. According to Liao and Yen (2012), prolific scholars are often selected to publish in 

high-impact factor journals. Their articles are thus more likely to receive more citations in high impact 

journals. 

Model 

The database is built as an unbalanced panel providing data for the years 2000 to 2015 for each 

individual scientist. With the exception of the diversity of disciplines (DiversityDiscipline), all 

variables are averaged at the individual level for a given year or a group of years (see Table 1 for 

details). We normalise both our dependent variables using the natural logarithm to be able to use 

ordinary least squares regressions for panel data. Because individual-level effects are not 

appropriately modeled by random-effect models, all our regressions were estimated using fixed-

effects models11.  

A notable concern in our study is the clear link between the network measures and the number of 

authors contributing to the scientific production of a given author. The higher the number of 

coauthors, the more connections a given author has in the copublication network. In addition, the 

stability of the research teams is such that even using lags for the network measures in the estimations, 

 
10 The Leiden database attributes a number of subject categories to each journal. If a journal covers three subject 
categories, then a weight (wd) of 0,33 is attributed to each subject category. Other authors sometimes use forward and 
backward citations to categorise the diversity of disciplines on which an article is based or used. We chose to use the 
disciplines associated with the journal itself as more representative of the field in which the authors feel their work 
belongs. 
11 Hausman specification tests systematically rejected the random effect models in favour of the fixed effect models. 
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to avoid them being contemporaneous with the number of authors, is not enough to remove the 

endogeneity inherent in our models. We therefore tested the models to see whether they suffer from 

potential endogeneity problems. The tests show the presence of endogeneity for the network 

variables12. As individual scientists choose the number of coauthors with whom they collaborate, 

these selection effects cause the endogeneity issues inherent in these models. To deal with this 

potential endogeneity a common solution is to employ instrumental variables techniques. Considering 

the network measures as endogenous, we successfully managed to reduce the effect of the omitted 

factors by estimating instrumental variable models. Two variables are used in our estimations to 

control the endogeneity of the network measures. The first, publishing experience, refers to the 

number of years that a scientist has been active in their scientific network since his or her first 

publication in the Web of Science. Scientists with a higher PublishingAge are more likely to have a 

wider network of collaborators and to occupy a more central position in their collaboration network. 

Because we suspected this effect not to be linear over the years, we also added the square of 

PublishingAge. 

Based on the assumption that scientific collaborations influence the productivity of scientists, 

governments have aimed to encourage collaborations. Some of the policies in place are related to the 

funding of research networks. For instance, in some of the programs in place, scientists are required 

to collaborate in order to obtain funding from the government. Receiving research funding may thus 

have a strong power of attraction for collaborators and be associated with a more central role of a 

scientist in the network. In other words, more funding may signal a high-quality researcher, who we 

expect should also occupy a key position within his or her scientific networks. We have access to 

research grants from The National Research Foundation (NRF), which was established on April 1st, 

1999, for scientists in South Africa. Although the network and bibliometric measures were built for 

the African scientists of the entire continent, we restrict the sample for this analysis to scientists from 

South Africa, but consider their collaborators from all over the world. Our model accounts for the 

average amount of funding received by an author over 3 years (AvgFund3) as an additional instrument 

for the network measures. 

 
12 All network variables with the exception of closeness centrality are strongly correlated with one another. Each was 
therefore introduced in the model separately and tested for endogeneity accordingly.  
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The summary statistics of the variables included in the study over the period 2000 to 2015 are 

presented in appendix B.  

 

Table 1_Variable Description 

Variable  Description 
Dependent variables 
AvgPub3t Average number of publications of the scientist over the past three years. 

Transformation: [ln(AvgPub3t + 1)] 
SumCit3t Total number of citations received by the publications of the scientist over the past 

three years.   
Transformation: [ln(SumCit3t + 1)] 

Network variables (endogenous) 
DegreeCentt Degree centrality of the scientist within the co-publication network for the three 

Health and Medical Sciences domains.   
Eq.1. Transformation: [ln(103 x DegreeCentt + 1)] 

CloseCentt Closeness centrality of the scientist within the co-publication network for the three 
Health and Medical Sciences domains.   
Eq.2. Transformation: [ln(105 x CloseCentt + 1)] 

BetwCentt Betweenness centrality of the scientist within the co-publication network for the 
three Health and Medical Sciences domains.   
Eq.3. Transformation: [ln(103x BetwCentt + 1)] 

ClusteringCt Clustering coefficient of the scientist within the co-publication network for the 
three Health and Medical Sciences domains.   
Eq.4. Transformation: [ln(10 x ClusteringCt + 1)] 

Exogenous variables 
AvgnbIntAutt Average number of international authors (i.e. from outside of the African 

continent) for the articles published by the scientist in year t. Transformation: 
[ln(AvgnbIntAutt + 1)] 

AvgnbROAfrAutt Average number of African authors from outside of South Africa for the articles 
published by the scientist in year t.   
Transformation: [ln(AvgnbROAfrAutt + 1)] 

AvgnbSAAutt Average number of South African authors (including the scientist considered) for 
the articles published by the scientist in year t. Transformation: [ln(AvgnbSAAutt 
+ 1)] 

AvgNJS3t Average normalized journal scores of the articles published by the scientist over 
the past three years.   
Transformation: [ln(AvgNJS3t + 1)] 

DiversityDisciplinet Average of 1 minus the Herfindahl-Hirschman Index (HHI) of the subject categories 
associated with each publication of the scientist in year t. Eq.5. Transformation: 
[ln(DiversityDisciplinet + 1)] 

Year dummies A dummy variable for each year accounts for any time trends in a scholar’s 
performance 

Instrumental variables 
AvgFund3t Average amount of funding received by the scientist over the past three years.   

Transformation: [ln(AvgFund3t+ 1)] 
PublishingAget Number of years since the first publication of the scientist. Transformation: 

[ln(PublishingAget + 1)] 
Note: Table A in appendix provides a description of the variables tested during the course of the research for which 
the results are not reported in the paper, but mentioned in some of the footnotes. 
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Analyses and Results  

This section presents the regression results addressing our main question of interest: whether the 

network position of scholars in the co-authorship network affects their research impact. We tested for 

potential endogeneity of the network characteristics. The results systematically show that our network 

variables are endogenous13. To overcome this endogeneity, we employ an instrumental technique 

estimating two stage least squares (2SLS) multivariate regressions for panel data using fixed-effects 

models (by using the within regression estimator). Table 2 and Table 3 present the second stage of 

the regression results. Both underidentification and overidentification tests of the instruments14 

confirm that our instruments are valid and uncorrelated with the error term, and that the excluded 

instruments are relevant and correlated with the endogenous regressors. These results verify the 

validity of the instruments used in the estimations.  

According to the correlation table in the appendix, degree centrality is highly correlated with 

betweenness centrality and the clustering coefficient. We therefore estimated our models including 

one network variable at a time which also enables us to capture the endogeneity of all the network 

variables independently. The discussion of the results first addresses the regressions estimates for the 

scientific production (see Table 2), followed by that of its impact (Table 3). All network variables are 

lagged by two-year (in the scientific production model) or three-years (in the citation model) to 

account for the time lapse between network characteristics and generating scientific output. 

Table 2 shows the results of the estimation in which the dependent variable is the average number of 

publications of scholars over the past three years. The results are presented separately for each of 

three studied domains. The implication of these regressions is that degree centrality and betweenness 

centrality in co-authorship networks have a positive impact on the scientific production of scholars, 

but the coefficient for closeness centrality is not significant in the Health and Clinical Medicine 

domains, and weakly significant in Biomedical Research. In contrast, the clustering coefficient shows 

a very strong negative impact, suggesting that the number of articles decreases with excessive 

cliquishness around a given scientist. Scholars tend to collaborate with others in order to produce 

 
13 Endogeneity tests were performed in non-panel 2SLS multivariate regressions accounting for the non-independence 
of observations for the same individual. Hausman specification tests consistently rejected exogeneity of our models. 
14 The Sargan test for overidentifying restrictions was never rejected. Furthermore, the Anderson’s canonical 
correlations were always significantly different from zero, i.e., the Lagrange multiplier statistic c2 test was strongly 
rejected, hence suggesting no underidentification. These test results show that the models estimated with instrumental 
variables are identified and valid. 
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more articles, but a higher clustering coefficient hampers scholars’ publishing activity, i.e. individual 

scientists who collaborate with a greater number of non-connected teams (or clusters) have a higher 

scientific production. When authors collaborate with scholars other than those located within their 

clustered network, it is believed that they also have access to additional resources from these other 

groups. This finding is in line with the results of Tahmooresnejad et al. (2015). In terms of the impact 

of betweenness centrality, it seems that researchers of our sample who are well positioned to serve as 

intermediaries, and facilitate the flow of information within the network between other researchers, 

contribute to a greater number of publications. We found that authors whose publications cite a higher 

number of references are more likely to publish more15. Since the number of references is highly 

correlated with the disciplinary diversity, we tested two different sets of models. The results including 

the disciplinary diversity are presented in Table 2 and Table 3. They show that authors who publish 

in a wide variety of disciplines are also those who are the most prolific. 

Turning now to the importance of collaborating widely across the world, our results show that South 

African authors benefit from having a greater number of coauthors from the rest of Africa. 

Furthermore, if their co-authors are also from South Africa, they are more likely to publish a greater 

number of papers16. Yet, we cannot find a positive effect from the collaboration with international 

authors on scientific production in our sample. One possible explanation for this impact is that the 

influence of coauthors from multiple countries may primarily affect the visibility of research output 

and not the actual production itself. These findings are generally in line with those prior studies 

(Hollis, 2001; Lee and Bozeman, 2005; Abbasi et al., 2011) that determined that collaborations 

improve the research performance. In addition, the results of the effect of the journal citation score 

highlight that when authors publish in higher impact journals, they are also more likely to have a 

higher number of publications.  

The regression results on the factors associated with a greater normalized citations score, which are 

presented in Table 3, suggest that higher degree and betweenness centrality are associated with a 

higher citation score in Biomedical Research and Clinical Medicine16. The impact of the clustering 

coefficient on the number of citations is negative. This suggests that scholars collaborating within 

 
15 The regression results including the number of references as opposed to the diversity of disciplines is available upon 
request from the authors.  
16 We must highlight here the small sample associated with the Health domain (number of individuals = 353 and 
number of observations = 1179). This explains in a large part, the non-significance of some of the regression 
coefficients for this sector. 
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highly clustered networks receive a lower number of citations. This in turns restricts their work being 

seen by others outside of the network. In order to benefit from the improved visibility associated with 

a greater number of citations, authors need to pursue new collaborations outside of their clustered 

network. The increased access to additional and possibly more diversified resources that accrues from 

widening ones’ research cliques, has a positive impact on the resulting quality of their publications. 

In addition to the network effects, we also observe that the effect of the number of authors on the 

citation score is positive and significant for all three regions. The collaboration of South African 

authors with one another, as well as colleagues from both the rest of Africa and international scholars 

greatly influence the citation score of their publications. Researchers should therefore value co-

authorships rather than single authorships to reach a higher impact level of their publications. In 

essence, collaborating with a growing number of scholars increases the likelihood of finding suitable 

co-authors and, thereby, results in increased research impact. In addition to involving far reaching 

colleagues in one’s research, widening the disciplinary diversity (DiversityDiscipline) of the journals 

in which one publishes also provides an interesting opportunity for a higher citation score.  

Having published a greater number of articles (AvgPub3) in the past is also associated with a higher 

citation score. As Beaudry and Larivière (2016) suggested, this higher impact is due to the higher 

visibility that comes with publishing more papers. Similarly, we expected that the researchers benefit 

from the increased visibility associated with publishing in high-impact factor journals measured by 

the average normalized journal score. The results show that publications in these prestigious journals 

are more likely to receive more citations. This effect is very likely a consequence of collaboration 

with other scholars and mostly from connecting to prolific researchers.  

Regarding centrality measures, two facts remain constant: 1) in order to increase the likelihood of a 

central position, scholars probably need to collaborate with the prolific authors in their group; and 2) 

to increase their closeness and betweenness centrality, scholars must connect with prominent scholars 

from other research groups in order to occupy a bridge position between research groups. If these 

measures are followed, authors may then positively influence their research group and consequently 

improve the research impact of the entire group. According to our findings, scholars should be 

encouraged to expand their networks in order to increase the likelihood of participating in 

collaborative projects. International collaborations outside the African continent are an excellent way 

for authors to become acquainted with prolific researchers as we observe that a higher number of 
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international co-authors contributes to the papers being noticed and cited. Moreover, publishing in 

journals associated with various disciplines positively affects the citation scores as the author may be 

known as an expert in different fields.  

To summarize our results, our research shows a positive impact of the network indicators on the 

performance measures. Significant positive correlations reveal that scholars who are more central in 

their co-authorship network contribute to more publications. This finding allows us to accept our first 

hypothesis for three of the four sub-hypotheses (H1a, H1b and H1d)17. Authors that collaborate more 

or who are frequently connecting the paths between other authors have more publications on average.  

Furthermore, the correlation between network measures and citation scores shows that strong 

relationships between co-authors generally result in higher citations. Access to various concepts in a 

collaboration network provides an opportunity to publish high-quality research. These findings 

substantiate the second hypothesis and their sub-hypotheses (H2), but only in Biomedical Research 

and Clinical Medicine. We believe that the low number of observations in Health is the reason that 

we could not capture the impact of network measures in this domain. Our observations support the 

findings of a number of scholars (Van Raan, 2004, Persson et al., 2004; Glänzel and Schubert, 2004) 

who have generally showed that collaboration is associated with an increase in citation counts. 

 

 

 
17 The weakly significant positive impact of the closeness centrality in the Biomedical Research domain is not enough 
to validate H1c. 
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Table 2– Impact of network measures on research in South Africa in the domains of Health, Biomedical Research and Clinical Medicine, Second stage of 2SLS fixed effect model for panel data  
 
Variables Health Biomedical Research Clinical Medicine 
ln(AvgPub3) (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
ln(103´ DegreeCentt-2) 0.3665 ***       0.5904 ***       0.3262 ***       

(0.1162)        (0.0971)        (0.0360)        
ln(105´ CloseCentt-2)   -0.0999        5.1164 *       0.2919      

  (1.1370)        (2.6744)        (1.8636)      
ln(10´ ClusteringCt-2)     -0.4141 ***       -0.6524 ***       -0.3776 ***   

    (0.1325) 
 

      (0.1113)    
    

(0.0449)    
ln(103´ BetwCentt-2)       0.0369 ***       0.0675 ***       0.0322 *** 

      (0.0128)        (0.0120)        (0.0040)  
ln(102´ AvgnbIntAutt) 0.0141  0.0143  0.012  0.0114  0.0099 * -0.0083  0.0064  0.0094 * 0.0031  0.0032  0.0032  0.0035  

(0.0089)  (0.0093)  (0.0087)  (0.0089)  (0.0051)  (0.0120)  (0.0047)  (0.0054)  (0.0028)  (0.0031)  (0.0029)  (0.0029)  
ln(102´ AvgnbROAfrAutt) 0.0222 ** 0.0224 ** 0.0236 ** 0.0232 ** 0.0267 *** 0.0226 * 0.0204 *** 0.0250 *** 0.0279 *** 0.0313 *** 0.0288 *** 0.0302 *** 

(0.0095)  (0.0089)  (0.0093)  (0.0095)  (0.0067)  (0.0131)  (0.0063)  (0.0070)  (0.0040)  (0.0041)  (0.0041)  (0.0042)  
ln(102´ AvgnbSAAutt) 0.0551  0.0507  0.0349  0.0476  0.0938 *** 0.0154  0.0885 *** 0.0928 *** 0.0799 *** 0.0775 *** 0.0660 *** 0.0769 *** 

(0.0412)  (0.0395)  (0.0406)  (0.0411)  (0.0234)  (0.0574)  (0.0217)  (0.0245)  (0.0130)  (0.0153)  (0.0132)  (0.0134)  
DiversityDisciplinet 0.3492 *** 0.3448 *** 0.3837 *** 0.3696 *** 0.3885 *** 0.2818 *** 0.3812 *** 0.3497 *** 0.4201 *** 0.4325 *** 0.4422 *** 0.4248 *** 

(0.0667)  (0.0762)  (0.0666)  (0.0673)  (0.0390)  (0.0870)  (0.0363)  (0.0408)  (0.0221)  (0.0253)  (0.0224)  (0.0228)  
ln(AvgNJS3t) 0.6358 *** 0.5805 *** 0.5888 *** 0.5667 *** 0.8237 ** 0.9118 *** 0.9177 *** 0.8533 ** 0.8013 *** 0.9021 *** 0.8503 *** 0.8365 *** 

(0.0728)  (0.1250)  (0.0701)  (0.0716)  (0.0556)  (0.1033)  (0.0466)  (0.0563)  (0.0283)  (0.0346)  (0.0268)  (0.0280)  
Year dummies Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  
Nb of observations 1179  1179  1179  1179  4171  4171  4171  4171  8783  8783  8783  8783  
Nb of groups 353  353  353  353  1142  1142  1142  1142  2071  2071  2071  2071  
F 13.435 *** 14.698 *** 13.700 *** 13.382 *** 44.599 *** 11.300 *** 50.872 *** 40.290 *** 169.598 *** 158.159 *** 165.385 *** 158.524 *** 
R2 0.1265  0.2356  0.1598  0.1291  -0.0488  -3.0152  0.091  -0.1579  0.3117  0.2829  0.2974  0.2671  
Loglikelihood -454.16  -375.54  -426.82  -452.44  -2437.9  -5237.6  -2137.8  -2644.4  -4056.2  -4236.25  -4128.15  -4331.73  
Note: ***, **, * show significance at the 1%, 5% and 10% levels and standard errors are presented in parentheses. 
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Table 3– Impact of network measures on citations in South Africa in the domains of Health, Biomedical Research and Clinical Medicine, Second stage of 2SLS fixed effect model for panel data 
 

Variables Health Biomedical Research Clinical Medicine 
ln(SumCit3) (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
ln(103´ DegreeCentt-3) 0.2483        0.2297 **       0.1193 ***       

(0.1681)        (0.1032)        (0.0419)        
ln(105´ CloseCentt-3)   -3.2584        0.5426        3.9535      

  (3.1619)        (1.8520)        (3.2904)      
ln(10´ ClusteringCt-3)     -0.2571        -0.205 **       -0.123 **   

    (0.1770)        (0.1037)        (0.0480)    
ln(103´ BetwCentt-3)       0.028        0.0198 *       0.0101 ** 

      (0.0192)        (0.0104)        (0.0040)  
ln(102´ AvgnbIntAutt) 0.0430 *** 0.0354 ** 0.0409 *** 0.0395 *** 0.0372 *** 0.0353 *** 0.0345 *** 0.0359 *** 0.0353 *** 0.0278 *** 0.0351 *** 0.0354 *** 

(0.0123)  (0.0159)  (0.0121)  (0.0121)  (0.0063)  (0.0072)  (0.0061)  (0.0062)  (0.0040)  (0.0093)  (0.0040)  (0.0040)  
ln(102´ AvgnbROAfrAutt) 0.0548 *** 0.067 *** 0.0561 *** 0.0515 *** 0.0301 *** 0.0306 *** 0.0293 *** 0.0304 *** 0.025 *** 0.0248 *** 0.0246 *** 0.0251 *** 

(0.0131)  (0.0182)  (0.0130)  (0.0139)  (0.0081)  (0.0081)  (0.0080)  (0.0080)  (0.0057)  (0.0085)  (0.0057)  (0.0057)  
ln(102´ AvgnbSAAutt) 0.1018 * 0.0829  0.0908  0.1046 * 0.1183 *** 0.1218 *** 0.1162 *** 0.1206 *** 0.1022 *** 0.0894 *** 0.0971 *** 0.0988 *** 

(0.0577)  (0.0713)  (0.0564)  (0.0585)  (0.0286)  (0.0280)  (0.0282)  (0.0283)  (0.0186)  (0.0297)  (0.0187)  (0.0186)  
DiversityDisciplinet 0.2917 *** 0.3064 ** 0.2958 *** 0.2780 *** 0.3142 *** 0.3091 *** 0.314 *** 0.3004 *** 0.3736 *** 0.3818 *** 0.3762 *** 0.3715 *** 

(0.0911)  (0.1191)  (0.0916)  (0.0909)  (0.0468)  (0.0502)  (0.0459)  (0.0460)  (0.0315)  (0.0483)  (0.0315)  (0.0315)  
ln(AvgPub3t-1) 0.1778 *** 0.1637 *** 0.1745 *** 0.1742 *** 0.1303 *** 0.1335 *** 0.1325 *** 0.1287 *** 0.1268 *** 0.1238 *** 0.1294 *** 0.1285 *** 

(0.0177)  (0.0264)  (0.0178)  (0.0179)  (0.0081)  (0.0080)  (0.0078)  (0.0082)  (0.0054)  (0.0096)  (0.0052)  (0.0053)  
ln(AvgNJS3t) 1.5961 *** 1.273 *** 1.5664 *** 1.5648 *** 1.8839 *** 1.8706 *** 1.8789 *** 1.887 *** 1.9031 *** 1.8802 *** 1.8909 *** 1.8921 *** 
 (0.1094)  (0.2791)  (0.1029)  (0.1028)  (0.0613)  (0.0594)  (0.0600)  (0.0610)  (0.0398)  (0.0582)  (0.0390)  (0.0391)  
Year dummies Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  
Nb of observations 1179  1179  1179  1179  4171  4171  4171  4171  8783  8783  8783  8783  
Nb of groups 353  353  353  353  1142  1142  1142  1142  2071  2071  2071  2071  
F 56.19 *** 34.54 *** 56.03 *** 55.84 *** 188.99 *** 199.48 *** 196.63 *** 193.1 *** 388.25 *** 171.60 *** 390.07 *** 388.914 *** 
R2 0.5191  0.2179  0.5177  0.5161  0.4921  0.5195  0.512  0.5034  0.4932  -0.1457  0.4957  0.4942  
Loglikelihood -898.8  -1199.5  -900.5  -902.65  -3378.7  -3260.9  -3293.8  -3331.2  -7062.6  -10639.1  -7041.0  -7054.0  
Note: ***, **, * show significance at the 1%, 5% and 10% levels and standard errors are presented in parentheses. 
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Conclusions and discussion 

The aim of this paper is to analyze the influence of co-authorship networks on scientific production 

and its impact in Africa. The world needs the contribution of African scholars affiliated to African 

research institutions. Quality research in the Health and Medical Sciences in Africa plays a vital 

role for the world since the share of the global burden of disease in Africa is approximately 20%, 

but their scientific contributions is far less. It is therefore important to advance the analysis of the 

factors that improve the productivity and quality of scientific research in Africa. The deep 

understanding of African scholars about the reality of what happens on the ground brings essential 

knowledge to international research teams interested in the health science fields specific or not to 

the particularities of the African continent. 

In this paper, we investigated the importance of the research group and deepened the understanding 

of the benefits that emerge from the collaboration relationships of South African scholars. The 

approach proposed allows one to understand the effects that collaborations have on authors’ 

scientific production and the citation impact of their research. We characterized collaboration 

networks by applying social network analysis measures. Our research fills one of the research gaps 

regarding the lack of studies using detailed network measures of co-authorship for African 

scientists. 

In particular, in order to understand the impact of research collaborations on research, we have 

investigated two main hypotheses to assess how the position of scientists in a co-authorship 

network can affect their research output and its impact. We utilized a comprehensive database of 

articles and authors in Africa in the Health and Medical Sciences between 2000-2015 to construct 

the network and compute the network measures used in this study. Our results indicate a strong 

influence of network measures (centrality of cliquishness), as indicators of the extent of their 

collaboration, on scientific productivity and impact. We found that if a scholar has more 

connections or higher-quality connections, the likelihood of having more publications or receiving 

more citations is increased. Occupying central positions in the network enables authors to extend 

their relationships with co-authors as well as with the co-authors of co-authors, providing 

opportunities to exchange knowledge that would normally lead to higher performance and higher 

efficiency of research. 
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For instance, betweenness centrality illustrate how globally central a scholar is and what level of 

strategic importance he or she can offer. We identified that it is advantageous for researchers to 

have a high degree centrality if they wish to benefit from direct, strong connections, and be able 

to exchange knowledge that will lead to a higher scientific performance and efficiency while also 

contributing to increasing the visibility of their research. Moreover, our research clearly showed 

that scholars who maintain relationships outside of a closely clustered research group perform 

better than authors who collaborate with scholars within the same cluster. 

Furthermore, while working with scientists from a more diverse set of countries does not 

necessarily imply publishing more, it certainly has a strong positive impact on the quality of the 

publications that result from these international collaborations. The number of internationally co-

authored publications have increased at the global level. It appears that the instauration of research 

support programs between foreign countries and African countries may have paid off; our research 

measures the effects of these types of international connections on publications. Our results 

suggest that intra-continent and international collaborations of South African scholars play an 

important role on the visibility of their work. 

While there are only few studies on research collaboration and higher impact from the network 

analysis viewpoint (such as Abbasi et al., 2011; Catalá-López et al. 2014; Ductor et al., 2014; 

Tahmooresnejad and Beaudry, 2018; Troshani and Doolin, 2007), there have been several studies 

using the number of coauthors as an indicator of research collaborations and research output (such 

as Chung et al., 2009; Glänzel and Schubert, 2004; Katz and Martin, 1997; Lee and Bozeman, 

2005). Our findings on South Africa are generally in line with the findings of both groups of studies 

that examine the correlation between collaborations and research impact using different 

approaches.  

Our results raise an important question for policy implications: while co-authorship collaborations 

lead to higher performance, individuals still choose their level of co-authorship although it may 

not be optimal. This is due to the fact that individuals must address a number of constraints 

regarding collaboration. They must for instance manage the costs associated with developing and 

maintaining such research collaboration. There is a need for policies to consider uncertainty and 

organizational constraints that are destined to inducing scholars to participate in co-authored 

projects.  
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Furthermore, our findings may shed light on the indicators that have been previously used to 

measure the research performance since the benefits from collaborative research are likely to be 

greater. The position of a scholar in the co-authorship network could be used as an indicator of 

their research impact along with other current indicators. However, further studies are required to 

examine the various types of collaborations (e.g., when juniors are involved, with whom they 

choose to publish depending on the quality of their co-authors) (Ductor, 2015).   

Finally, we must highlight the limitations to our study. Although we introduced lags within our 

regression analysis, our results are not entirely free from some adverse causality effects. Another 

limitation of this study is due to the selection of the sample. We limited the sample of papers to 

those only including an African affiliation. We are therefore deliberately omitted the relationships 

that exist outside of the African continent. As a consequence, the centrality and cliquishness 

measures may overestimate the importance of the African scholars in the respective networks as 

the regression analysis is only performed on South African scientists. We do not perceive this 

overestimation to be a major problem however. Somewhat related to this, because we included 

network measures for scientists within the entire network, some network measures may have been 

underestimated because the indirect links between research groups provided by international 

scholars is missing. In addition, the results may have been different if had performed the analysis 

only for the researchers who are within the giant component of the network. We are nevertheless 

confident that the results presented are of value to the African research community. 
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Table A – Description of the variables that were tested but for which the results are not presented in the paper 

Variable  Description 
Exogenous variables 
AvgnbAutt Average number of authors for the articles published by the scientist in year t. 

Transformation: [ln(AvgnbAutt+ 1)] 
PropIntAuthorst Average proportion of international co-authors of the articles of the scientist in year t. 

Transformation: [ln(PropIntAuthorst + 1)] 
PropROAfrAuthorst Average proportion of authors from the rest of Africa (other than South African authors) of 

the articles of the scientist in year t. Transformation: [ln(PropROAfrAuthorst + 1)] 
DiversityCountryt Average of 1 minus the Herfindahl-Hirschman Index (HHI) of the number of countries 

associated with the author list of the publications of the scientist in year t. 
Transformation: [ln(DiversityCountryt + 1)] 

DiversityInstitutet Average of 1 minus the Herfindahl-Hirschman Index (HHI) of the number of 
different institutes associated with the author list of the publications of the 
scientist in year t. Transformation: [ln(DiversityInstitutet + 1)] 

 
 
 
 
Table B – Descriptive Statistics 

Health Obs Mean Std. Dev. Min Max 
AvgPub3t 1179 3.2712 3.9375 0.3333 33.3333 
SumCit3t 1179 222.5168 500 0 5949 
DegreeCentt 1179 20 24 2 306 
ClusteringCt 1179 0.4643 0.3521 0 1.0000 
CloseCentt 1179 0.0002 0.0001 0.0000457 0.0005 
BetwCentt 1179 86030 270946 0 5209641 
AvgnbAutt* 1179 8.0355 12.3475 1 230 
AvgnbIntAutt 1179 3.4662 11.5571 0 217.7500 
AvgnbROAfrAutt 1179 0.4078 1.2148 0 22.0000 
AvgnbSAAutt 1179 4.1615 2.1243 1 15.0000 
AvgNJS3t 1179 1.0102 0.8009 0.0237333 7.3179 
DiversityDisciplinet 1179 0.5304 0.2896 0 0.9101 
AvgFund3t 1179 110355 531560 0 10000000 
PublishingAget 1179 1.2172 1.0829 0 2.8332 
DiversityInstitutet* 1179 0.5313 0.2252 0 0.9869 
DiversityCountryt* 1179 0.3189 0.2138 0 0.9517 
PropIntAuthorst* 1179 0.2814 0.2276 0 0.9615 
PropROAfrAuthorst* 1179 0.0342 0.0895 0 0.8571 

Note: * represent variables that are mentioned but not used in the paper (see Table A above). 
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Biomedical Research Obs Mean Std. Dev. Min Max 
AvgPub3t 4171 2.4892 2.9686 0.3333 33.3333 
SumCit3t 4171 151 347 0 7028 
DegreeCentt 4171 28 42 2 630 
ClusteringCt 4171 0.3979 0.3197 0.0000 1.0000 
CloseCentt 4171 0.0001 0.0000 0.0000 0.0001 
BetwCentt 4171 518681 1989995 0 66600000 
AvgnbAutt* 4171 8 17 1 890 
AvgnbIntAutt 4171 3 16 0 867 
AvgnbROAfrAutt 4171 0 1 0 26 
AvgnbSAAutt 4171 4 2 1 23 
AvgNJS3t 4171 0.8578 0.7245 0.0071 11.3467 
DiversityDisciplinet 4171 0.4986 0.3000 -3.0000 0.9359 
AvgFund3t 4171 125619 473269 0 10200000 
PublishingAget 4171 0.9918 1.0700 0.0000 2.8332 
DiversityInstitutet* 4171 0.4563 0.2481 0.0000 0.9922 
DiversityCountryt* 4171 0.2737 0.2229 0.0000 0.9307 
PropIntAuthorst* 4171 0.2450 0.2396 0.0000 0.9805 
PropROAfrAuthorst* 4171 0.0228 0.0805 0.0000 0.8889 

Note: * represent variables that are mentioned but not used in the paper (see Table A above). 

 
Clinical Medicine Obs Mean Std. Dev. Min Max 
AvgPub3t 8783 2.2218 2.5114 0.3333 33.3333 
SumCit3 t 8783 141 338 0 7028 
DegreeCent t 8783 47 68 2 1029 
ClusteringC t 8783 0 0 0 1 
CloseCent t 8783 0.000046 0.000010 0.000007 0.000064 
BetwCent t 8783 1614318 5277479 0 123000000 
AvgnbAutt* 8783 8 20 1 890 
AvgnbIntAutt 8783 3 19 0 867 
AvgnbROAfrAutt 8783 0 1 0 32 
AvgnbSAAutt 8783 4 3 1 25 
AvgNJS3t 8783 0.8469 0.7351 0.0048 11.3467 
DiversityDisciplinet 8783 0.4468 0.3058 0.0000 0.9359 
AvgFund3t 8783 86503 369675 0 10200000 
PublishingAget 8783 1.0122 1.0532 0.0000 2.8332 
DiversityInstitutet* 8783 0.4668 0.2498 0.0000 0.9941 
DiversityCountryt* 8783 0.2749 0.2287 0.0000 0.9707 
PropIntAuthorst* 8783 0.2433 0.2415 0.0000 0.9954 
PropROAfrAuthorst* 8783 0.0221 0.0806 0.0000 0.8889 

Note: * represent variables that are mentioned but not used in the paper (see Table A above). 
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Appendix B1 – Correlation Matrices  

Health  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 
AvgPub3t 1 1.00 

 
  

           
   

SumCit3t 2 0.80 1.00   
           

   
DegreeCentt 3 0.38 0.29 1.00  

           
   

ClusteringCt 4 -0.22 -0.10 -0.70 1.00 
           

   
CloseCentt 5 0.11 0.38 0.20 -0.08 1.00 

          
   

BetwCentt 6 0.32 0.19 0.71 -0.71 0.19 1.00 
         

   
AvgnbAutt

* 7 0.31 0.39 0.28 0.09 0.08 0.03 1.00 
        

   
AvgnbIntAutt 8 0.35 0.42 0.28 -0.03 0.15 0.12 0.63 1.00 

       
   

AvgnbROAfrAutt 9 0.32 0.25 0.29 -0.11 0.04 0.18 0.47 0.31 1.00 
      

   
AvgnbSAAutt 10 0.20 0.19 0.09 0.13 0.02 -0.05 0.45 -0.01 -0.02 1.00 

     
   

AvgNJS3t 11 0.51 0.66 0.22 -0.06 0.15 0.14 0.43 0.37 0.25 0.16 1.00 
    

   
DiversityDisciplinet 12 0.51 0.38 0.24 -0.11 0.00 0.17 0.20 0.27 0.19 0.18 0.19 1.00 

   
   

DiversityInstitutet
* 13 0.11 0.23 0.23 0.01 0.17 0.05 0.57 0.63 0.32 0.09 0.27 0.08 1.00      

DiversityCountryt
* 14 0.13 0.24 0.21 -0.04 0.17 0.07 0.48 0.80 0.42 -0.23 0.29 0.08 0.69 1.00 

 
   

AvgFund3t 15 0.14 0.09 0.05 -0.07 -0.03 0.04 -0.03 -0.04 0.05 0.02 0.02 0.07 -0.08 -0.08 1.00    
PublishingAget 16 -0.23 -0.29 -0.01 -0.05 -0.24 0.01 -0.02 -0.08 -0.02 0.03 -0.14 -0.06 -0.05 -0.06 -0.09 1.00   
PropIntAuthorst

* 17 0.15 0.27 0.21 -0.04 0.12 0.08 0.46 0.84 0.20 -0.35 0.29 0.10 0.60 0.84 -0.07 -0.07 1.00  
PropROAfrAuthorst

* 18 0.06 0.00 0.13 -0.07 0.01 0.07 0.19 0.08 0.76 -0.18 0.04 0.03 0.23 0.35 -0.01 0.05 0.01 1.00 
Note: * represent variables that are mentioned but not used in the paper (see Table A above). 

 

Biomedical Research  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 
AvgPub3t 1 1.00 

 
  

           
   

SumCit3t 2 0.78 1.00   
           

   
DegreeCentt 3 0.54 0.47 1.00  

           
   

ClusteringCt 4 -0.43 -0.30 -0.69 1.00 
           

   
CloseCentt 5 0.07 0.28 0.21 -0.13 1.00 

          
   

BetwCentt 6 0.41 0.33 0.71 -0.67 0.26 1.00 
         

   
AvgnbAutt

* 7 0.23 0.32 0.42 0.02 0.07 0.19 1.00 
        

   
AvgnbIntAutt 8 0.31 0.41 0.38 -0.05 0.15 0.19 0.63 1.00 

       
   

AvgnbROAfrAutt 9 0.26 0.21 0.22 -0.07 0.00 0.17 0.29 0.23 1.00 
      

   
AvgnbSAAutt 10 0.13 0.08 0.23 0.00 0.01 0.11 0.47 -0.03 -0.07 1.00 

     
   

AvgNJS3t 11 0.52 0.64 0.34 -0.10 0.06 0.22 0.44 0.40 0.18 0.14 1.00 
    

   
DiversityDisciplinet 12 0.38 0.29 0.25 -0.15 -0.01 0.23 0.20 0.24 0.16 0.13 0.20 1.00 

   
   

DiversityInstitutet
* 13 0.10 0.23 0.22 0.08 0.11 0.09 0.53 0.66 0.28 -0.02 0.28 0.09 1.00      

DiversityCountryt
* 14 0.12 0.27 0.23 0.03 0.15 0.08 0.51 0.84 0.35 -0.23 0.31 0.08 0.73 1.00 

 
   

AvgFund3t 15 0.13 0.09 0.12 -0.18 0.01 0.17 -0.07 -0.01 0.00 -0.05 -0.03 0.08 -0.09 -0.06 1.00    
PublishingAget 16 -0.14 -0.19 -0.04 0.08 -0.16 -0.06 0.12 -0.03 0.04 0.18 -0.01 -0.04 -0.02 -0.02 -0.13 1.00   
PropIntAuthorst

* 17 0.14 0.29 0.25 0.01 0.12 0.09 0.49 0.85 0.14 -0.35 0.33 0.10 0.66 0.88 -0.02 -0.05 1.00  
PropROAfrAuthorst

* 18 0.06 0.02 0.04 0.01 -0.01 0.05 0.10 0.05 0.77 -0.21 0.02 0.04 0.20 0.28 -0.05 0.04 0.01 1.00 
Note: * represent variables that are mentioned but not used in the paper (see Table A above). 
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Clinical Medicine  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 

AvgPub3t 1 1.00 
 

  
           

   
SumCit3t 2 0.74 1.00   

           
   

DegreeCentt 3 0.75 0.65 1.00  
           

   
ClusteringCt 4 -0.69 -0.50 -0.74 1.00 

           
   

CloseCentt 5 0.13 0.27 0.26 -0.18 1.00 
          

   
BetwCentt 6 0.43 0.32 0.45 -0.30 0.04 1.00 

         
   

AvgnbAutt
* 7 0.17 0.31 0.43 -0.03 0.13 0.17 1.00 

        
   

AvgnbIntAutt 8 0.28 0.42 0.40 -0.12 0.13 0.16 0.59 1.00 
       

   
AvgnbROAfrAutt 9 0.22 0.17 0.26 -0.09 0.02 0.22 0.31 0.22 1.00 

      
   

AvgnbSAAutt 10 0.08 0.05 0.24 -0.05 0.12 0.05 0.47 -0.08 -0.06 1.00 
     

   
AvgNJS3t 11 0.50 0.64 0.51 -0.31 0.12 0.20 0.40 0.36 0.19 0.11 1.00 

    
   

DiversityDisciplinet 12 0.42 0.35 0.36 -0.24 0.06 0.20 0.20 0.25 0.16 0.14 0.20 1.00 
   

   
DiversityInstitutet

* 13 0.03 0.20 0.21 0.06 0.11 0.07 0.52 0.63 0.27 -0.02 0.23 0.08 1.00      
DiversityCountryt

* 14 0.10 0.29 0.24 -0.01 0.10 0.08 0.48 0.85 0.34 -0.26 0.30 0.10 0.71 1.00 
 

   
AvgFund3t 15 0.11 0.06 0.05 -0.05 -0.04 0.10 -0.02 0.01 0.00 -0.01 -0.02 0.07 -0.06 -0.05 1.00    
PublishingAget 16 -0.11 -0.19 -0.06 0.11 -0.09 -0.08 0.10 -0.05 0.03 0.16 0.00 -0.01 0.00 -0.04 -0.05 1.00   
PropIntAuthorst

* 17 0.11 0.31 0.23 -0.01 0.06 0.08 0.45 0.85 0.14 -0.39 0.30 0.11 0.64 0.89 -0.02 -0.07 1.00  
PropROAfrAuthorst

* 18 0.05 0.01 0.08 0.00 0.00 0.06 0.14 0.06 0.79 -0.17 0.06 0.04 0.20 0.28 -0.04 0.04 0.01 1 
Note: * represent variables that are mentioned but not used in the paper (see Table A above). 

 
 

 


