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ABSTRACT:

Background
Despite the prevailing role of intellectual collaboration in scientific production, the association between collaborative patterns and norms for credit assignment on the one hand, and research performance in biomedical science on the other remains poorly understood. 

Objective
To investigate the relationship between biomedical researchers’ collaborative and authorship practices and scientific success.

Design
Longitudinal quantitative analysis of individual researchers’ careers over a nine-year period.

Setting
A leading biomedical research institution in the United Kingdom. 

Population
525 biomedical researchers that were in employment on the 31st December 2009. 

Data Analysis
We constructed the co-authorship network in which nodes are the researchers, and links are established between any two researchers if they co-authored one or more articles. For each researcher, we recorded the position held in co-authorship network and in the bylines of all articles published in each three-year interval, and calculated the number of citations these articles accrued until January 2013. We estimated maximum likelihood negative binomial panel regression models.

Results 
Our analysis suggests that collaboration sustained success, yet excessive co-authorship did not. Researchers could benefit from different authorship and collaborative practices depending on their career stage. Last positions in non-alphabetized bylines were beneficial for higher academic ranks, but not for junior ones. A professor could witness an increase of 20.57% in the expected citation count if last-listed non-alphabetically in one additional publication; yet, a lecturer suffered from a reduction of 13.04%. First positions in alphabetized bylines were positively associated with performance, but only for junior academics. A lecturer could experience an increase of 8.78% in the expected citation count if first-listed alphabetically in one additional publication. Moreover, whilst junior researchers amplified success when they brokered among otherwise disconnected collaborators, senior researchers prospered from socially cohesive networks, rich in third-party relationships.

Conclusions
These results help biomedical scientists shape successful careers and research institutions develop effective assessment and recruitment policies that will ultimately sustain the quality of biomedical research and patient care.   

What is already known on this subject
· Recent studies have emphasized the prevailing role of intellectual collaboration and multi-authored publications in biomedical research. 
· The association between collaborative and authorship practices and scientific performance remains poorly understood. 
· Previous network studies of social capital have uncovered the benefits of open and closed collaborative structures, but whether these benefits depend on the biomedical researcher’s career stage still remains to be investigated.

What this paper adds
· Biomedical researchers gain from teamwork, but not from excessive co-authorship, and they can successfully adopt different research practices depending on the career stage.
· Last positions in non-alphabetized bylines are advantageous only to senior researchers, whereas first positions in alphabetized bylines only to junior ones. 
· Whilst senior researchers prosper from closed and socially cohesive networks, junior ones can amplify success by brokering among otherwise disconnected collaborators.







Main Text: 

INTRODUCTION
It is widely recognized that, over recent years, scientific research has become an increasingly collaborative enterprise.(1, 2) Teamwork has also been found to dominate solitary work in the production of research of high impact across nearly all disciplinary fields.(2) Biomedical research is no exception and, for this reason, it has been suggested that collaboration should be encouraged by biomedical research institutions and centers.(1, 3) Despite the growing consensus on the competitive advantage of teamwork, the distinctive collaborative practices that nurture scientific success in biomedical science still remain unknown. This may partly explain why current academic evaluation systems in healthcare are based primarily on traditional bibliometric indicators of performance, such as number of publications or citations (4, 5), and neglect to explicitly take into account structural features of the collaboration networks in which researchers are embedded.(3)

Collaborative research typically results in multiple authorship. Norms for the ordering of co-authors in a byline vary significantly across disciplinary fields, but tend to be consistent within a particular field.(6-11) For biomedical publications, the sequence of co-authors’ names is often determined by contribution- and supervision-related credit.(12, 13) Typically, the first co-author is the researcher that has contributed the most, whilst the last co-author has held the most supervisory role.(14) Occasionally, researchers who appear in the middle of the sequence of co-authors are likely to be those who have failed to demonstrate adequate contribution, and for this reason may have been offered authorship gratuitously.(15) Conversely, co-authors that have contributed in equal measure to the scientific work are typically listed in alphabetical order.(16-18) Despite a widespread agreement on the norms governing the ordering of authorship, how a fair allocation of credit translates into an equally fair allocation of recognition and visibility still remains largely to be investigated.(6, 7, 9, 19-23)

In this study, drawing on a unique co-authorship network in biomedical research, we embraced a network-based perspective (1, 3, 24-26) to investigate the association between the scientific performance of individual biomedical researchers and various patterns of collaboration and criteria for credit allocation. 

METHODS
Study population 
We analyzed the careers of the academics at the Faculty of Medicine at Imperial College London, one of Europe’s largest medical institutions (see details in the supplementary appendix). To this end, we used the database from the university intranet to create a list of all academics that were in employment on the 31st December 2009. We included academics that were ranked in the hierarchical system in the following roles: lecturer, senior lecturer, reader and professor. We excluded academics that were research fellows, associates, officers, assistants or staff with honorary academic status because they are not included in academic promotions. In total, the sample population included 525 academics. The composition of these academics in terms of academic rank, gender and physician status (i.e., whether the academic was a physician or not) is shown in table 1.(27, 28)

Authors’ publications, positions in bylines, and scientific performance
We used SciVerse Scopus Author Identifier to generate the publication list for each academic. The Author Identifier matches authors to their publications and SciVerse Scopus claims to have achieved 99% accuracy for 95% of its records.(27, 29) All publication lists were divided into three time periods (January 1st 2001 to December 31st 2003; January 1st 2004 to December 31st 2006; and January 1st 2007 to December 31st 2009). For each academic and time period, we used the number of publications in the preceding time period to test whether the academic’s productivity in a time period was associated with the number of citations the academic received in connection with the articles published in the subsequent time period. For each academic and time period, we recorded the number of publications in which he or she appeared as the solo author. To assess the association between multiple authorship and performance, for each academic and across all multi-authored publications in each time period, we calculated the median number of co-authors per publication and extracted the minimum number of co-authors per publication.(30) 

To examine the relationship between position in bylines and research performance, for each academic and for each time period we extracted the number of multi-authored publications in which co-authors were listed alphabetically and non-alphabetically. For each of these two groups of publications, we recorded the number of publications in which the academic appeared as listed in each of the following five positions in bylines: first; second; penultimate; last; and “other”. Details on how these positions were defined are reported in the supplementary appendix.

We used citation counts to measure scientific success, in agreement with several studies suggesting that citations correlate with research quality (2, 31) and as a result play a fundamental role in promotion and funding reviews.(32) For each researcher and time period, we calculated the number of citations received by all articles published by the researcher in that time period. We collected citations in January 2013 to allow sufficient time for fairly recent publications to be cited. 

The co-authorship network 
For each time period, we constructed the co-authorship network in which nodes are the academics, and links are established between any two academics if they co-authored one or more articles that were published in that period (for details, see the supplementary appendix).(1) The network so constructed is undirected and unweighted. A graphical representation of the largest connected component (24) of the co-authorship network is shown in figure S1 in the supplementary appendix.(33) 

Network-based measures of authors’ centrality
To capture the centrality of each academic in each time period, we calculated the following network measures: degree, eigenvector, betweenness, and closeness centrality. The (normalized) degree centrality of a node is the number of links incident upon the node, divided by its maximum possible value (i.e., the number of nodes in the network minus one) (figure S2A in the supplementary appendix).(24, 34) Eigenvector centrality measures the importance of a node in a network as a function of the connections the node has to other nodes that are themselves important (figure S2A in the supplementary appendix).(35) Betweenness centrality measures the extent to which a node lies on the shortest paths between other nodes in the network (figure S2A in the supplementary appendix).(34, 36) Finally, a node’s closeness centrality is defined as the inverse of the sum of the shortest distances separating the node from all other nodes, and thus measures how close the node is to all other nodes in the network (figure S2A in the supplementary appendix).(24, 34) For details on the calculation of these network centrality measures, see Supplemental Methods in the supplementary appendix). 

Social capital: network-based measures of closed and open structures
We investigated the role of social capital in sustaining research performance, and tested the association between closed vs. open network structures and academics’ citation counts. To this end, we relied on two network measures: the local clustering coefficient and network constraint. 

The local clustering coefficient is defined as the ratio between the number of links connecting pairs of a node’s neighbors and the total number of pairs of the node’s neighbors (figure S2B in the supplementary appendix).(25) Clustering thus captures the extent to which a node is embedded within a cohesive social structure, rich in third-party relationships. We tested the hypothesis that academics whose local network was more socially cohesive (i.e., with a higher clustering coefficient) were associated with a better performance than academics in a less cohesive network (i.e., with lower clustering).

Network constraint measures the extent to which a node is connected to other nodes that are already connected with each other (figure S2C in the supplementary appendix).(26) A low value of network constraint means that a node can broker between otherwise disconnected others, and is therefore associated with network closure. We tested the hypothesis that academics with a lower value of network constraint (i.e., in an open network) were characterized by better performance than academics with a higher value (i.e., in a closed network).

Statistical analysis
To investigate the non-linear relationship between number of co-authors per publication and performance, we squared the median number of co-authors, and jointly tested the main and quadratic terms in the regression model. To avoid problems of multi-collinearity arising from high correlation between variables, before squaring the median, we centered it around its mean (i.e., we subtracted the mean from the variable).(37)

We estimated interaction effects between an author’s academic rank and two position-related variables: the number of publications in which the author appeared as last-listed in non-alphabetical order, and the number of publications in which the author was first-listed in alphabetical order. We centered the two position-related variables, and multiplied each of them by each of the three rank-related indicator variables (i.e., senior lecturer, reader, and professor). We thus obtained six interaction terms.   

Finally, we estimated interaction effects of authors’ academic rank, brokerage opportunities, and position in byline. To construct the interaction terms, we multiplied each of the three rank-related indicator variables by the product between centered constraint and centered number of publications in which authors appeared as last-listed in non-alphabetical order. We thus obtained three additional interaction terms.  

Modeling strategy 
Because the dependent variable is a count variable, the use of linear models would have resulted in inefficient, inconsistent, and biased estimates. To investigate the relationship between scientific performance and collaborative and authorship practices, we thus estimated maximum-likelihood negative binomial panel regression models, with beta-distributed random effects and bootstrapped standard errors.(38) We estimated negative binomial models instead of Poisson ones owing to the overdispersion of the dependent variable.(39) Indeed the negative binomial estimator can explicitly handle overdispersion, and thus it accounts for unobserved heterogeneity among observations. By contrast, in case of overdispersion, the Poisson estimator would produce consistent, but inefficient estimates and standard errors that are biased downward. 

The details on the modeling strategy, and the specification tests concerned with overdispersion, potential confounders and unobserved heterogeneity are reported in the supplementary appendix. Results from robustness checks based on various regression models are summarized in tables S6a and S6b in the supplementary appendix. For all panel models, likelihood-ratio tests of model specification indicate that they are more appropriate than the corresponding pooled models. The computation of all models was implemented using Stata 64/MP 10.1.

RESULTS
Descriptive statistics are shown in table 2. Zero-order correlations, and within and between variations of all variables are shown, respectively, in tables S1 and S2 in the supplementary appendix. To cast more light on the variation of the dependent variable, we also calculated the transition probabilities from one period to the next (for details, see table S3 in the supplementary appendix), and the first-order autocorrelations (table S4 in the supplementary appendix). Findings indicate that there was considerable persistence in performance from one period to the subsequent one. 

Table 3 reports the estimates for the coefficients of control and theoretical variables. Table S5 in the supplementary appendix shows the estimated coefficients for institutional affiliation that were not reported in the random-effects negative binomial panel models of table 3. Models 1, 2 and 3 show the main effects of the independent variables on authors’ performance. Model 4 also includes interaction effects between independent variables. 

Our analysis suggests that an author’s past productivity was related to future success: a good record of publications in a given period of time was likely to be associated with publications of high impact in subsequent time periods. For every additional publication in a three-year period, an author’s expected citation count on the articles published in the subsequent three-year period increased by 0.20% (Model 1). 

Our results do not suggest any gender-related discrimination. By contrast, we found evidence in favor of academic rank-based discrimination. Being a professor increased the expected number of citations with respect to the citations received by a lecturer by 52.20 %, holding all other variables constant (Model 1). We also found that, on average, non-physicians outperformed physicians: being non-physician increased the expected citation count by 18.35% (Model 1). 

Our next findings are concerned with the relationship between solo versus multiple authorship and research performance.(2) Whilst solo authorship did not have any statistically significant association with performance, we found non-linear effects of number of co-authors per publication on citations. Figure 1 shows the inverse U-shaped relationship between median number of co-authors per publication and expected number of citations received by a female professor at the Institute of Clinical Sciences. More generally, estimates from Model 4 suggest that an author’s citations increased as the size of collaborative teams expanded, but only up to a certain threshold, namely 12 co-authors per publication. Beyond this threshold, a further increase in co-authors degraded performance. For example, for an author with a median of nine co-authors per publication (i.e., one standard deviation below 12), a one-unit increase in the median led to an increase in the expected citation count by 1.88%. However, for an author with a median of 15 co-authors per publication (i.e., one standard deviation above 12), a one-unit increase in the median led to a decrease in the expected citation count by 1.43%. Consistently, we also found a negative relationship between minimum number of co-authors per publication and performance. If the minimum number of co-authors with whom a researcher has ever published increased by one, the researcher would experience an expected decrease in citations by 3.59%, holding all other variables constant. 

Next, we investigated the relation between collaborative patterns and performance. Models 1, 2 and 3 in table 3 indicate that holding central positions in the collaboration network is associated with success. Researchers could prosper from: (i) having many collaborators (i.e., high degree); (ii) having many popular collaborators (i.e., high eigenvector); (iii) lying on the shortest paths between many pairs of other researchers (i.e., high betweenness); and (iv) reaching many others in very few steps (i.e., high closeness).(24)  

To further examine the role of social capital in biomedical research, we tested whether authors with collaborators who also collaborated with one another (closed structure) outperformed authors with collaborators who never collaborated themselves (open structure). For each author, we measured the local clustering coefficient (25) and network constraint (26) to capture these two structural positions, respectively (see supplemental methods and figure S2B and S2C in the supplementary appendix). Our findings provide evidence in favor of the positive association between brokerage (and open structure) and citations. As indicated by Model 3, socially cohesive structures, rich in third-party relationships, degraded performance, whilst, consistently, Models 1, 2 and 4 suggest that the lack of network constraint (i.e., the availability of brokerage) had beneficial effects. Researchers could thus produce highly cited work by forging, and affiliating themselves with, non-overlapping teams, and by intermediating among otherwise disconnected collaborators.  

We then estimated the association between various positions in bylines and total number of citations received (Models 1, 2, and 3). We distinguished between non-alphabetized and alphabetized bylines. In the former case, first and last positions were found to have a positive association with performance. For instance, Model 1 suggests that authors with one additional publication in which they were first- or last-listed in non-alphabetical order experienced an increase in expected number of citations by 4.50% and 1.92%, respectively. These results are in qualitative agreement with the widely accepted rules for credit allocation in biomedical research, according to which first- and last-listed authors in non-alphabetized bylines are expected to have provided the two most valuable, yet distinct, contributions to the work.(12, 13) However, middle positions too, with the exception of second and penultimate ones, on articles with five or more co-authors, were found to be positively associated with performance. 

For publications with authors sequenced alphabetically, results show that first positions facilitated highly cited work. No other position in alphabetized bylines was found to have any statistically significant association with performance. Whilst non-alphabetical contribution-based authorship aims chiefly to sustain proper credit assignment, alphabetical authorship is in general not expected to reflect the relative contributions made by the various co-authors of a publication.(16-18) Yet, even in alphabetized bylines first-listed authors were found to accrue most credit. Alphabetical ordering may thus reduce scope for debate on contribution and credit, yet not on visibility and recognition.(23)  

Combinations of position in bylines and academic rank are associated with scientific success (Model 4). In the case of non-alphabetized bylines, being last-listed remained beneficial only for higher academic ranks, especially for professors, whilst it hindered the scientific performance of junior academics. First positions on publications with alphabetized bylines retained their positive association with performance only for junior academics. Being first-listed alphabetically in one additional publication enabled a lecturer to witness an increase of 8.78%. in the expected citation count. Thus, even when all co-authors were expected to have equally contributed to the joint publication, the first-listed author with a junior academic position could secure extra recognition within the scientific community.

Finally, we investigated the association between combination of brokerage, academic rank and position in bylines on the one hand, and performance on the other. Results suggest that, for professors, the positive association between brokerage opportunities and performance was intensified by a decrease in number of publications on which they were last-listed non-alphabetically. Alternatively, the positive association between being last-listed and a professor’s performance was mitigated by an increase in brokerage opportunities. Unlike other academics in junior positions, researchers in senior academic roles acting as coordinators of many collaborative groups could therefore gain a competitive advantage by enhancing social cohesion and facilitating third-party relationships among collaborators from different groups. Figure 2 shows the association between combinations of brokerage and last positions in non-alphabetized bylines on the one hand, and the expected performance of a female professor at the Institute of Clinical Sciences on the other, when all other variables are held constant at their means.  

DISCUSSION
Our study has shown that, overall, collaboration is positively associated with research performance (2) and, more importantly, that researchers should embrace different collaborative strategies as their academic career progresses. For example, junior scientists, in addition to securing first positions in bylines, should aim for positioning themselves in open collaborative structures rich in brokerage opportunities (26). They should affiliate themselves with diverse research teams and collaborate with otherwise disconnected others from whom they will be able to acquire and recombine novel and non-overlapping knowledge, expertise, ideas, and insights. However, different network structures become beneficial when researchers are promoted to more senior academic roles. For example, senior scientists, such as professors, who typically act as coordinators of large groups of researchers, prosper from some degree of network closure that enables them to develop an established scientific vision and research strategy, promote the transfer and sharing of complex knowledge, consolidate their groups’ identity, and minimize the risk of missing important opportunities of synergies and cross-fertilization of ideas. 

Strengths and weaknesses of the study
Previous studies have shown that diverse and open networks, rich in brokerage opportunities, may thrive in sustaining innovation.(26, 40) Our results have extended these studies by suggesting that the benefits of brokerage are contingent upon the researcher’s career stage.
Previous research has also pointed to the “gender gap” and the obstacles that women were likely to face in academic medicine over the past decades, which hindered peer-review publications and delayed advancement in their careers.(41) Our analysis provides more encouraging results, for it suggests that gender equality has recently become more widespread in biomedical research.

Our study is not without limitations that, in turn, open up new avenues for future investigation. It seems reasonable to argue that co-authorship represents only one of the main forms of scientific collaboration.(1) Indeed there are other peripheral or indirect forms of collaboration that are not reflected in formal co-authorship, and yet represent genuine instances of intellectual co-operation. Researchers may motivate, inspire and contribute to each other’s scientific work without always being listed as co-authors, for example by mentoring and supervising junior colleagues, or by providing commentary at conferences, workshops, and professional meetings.(3) Moreover, although the results from this study were derived from a large-scale collaboration network, the data were obtained from a single institution and a single disciplinary field. Therefore the results of this study may not be generalizable to other institutions or disciplinary fields. We used a single citation database to extract bibliometric data; however, alternative databases, such as Scopus, Web of Science, and Google Scholar, may produce different citation counts for biomedical researchers, although evidence suggests that it is unlikely to produce large changes in the results.(42, 43) Even though special care has been taken to disambiguate authors’ names, multiple databases could be used to further validate the bibliometric data concerning authors who have a common name, have worked in numerous institutions, or have different research interests.

Implications for practice
It is widely recognized that biomedical studies depend heavily on non-clinical scientific research, and consequently basic medicine is cited three to five times more than clinical medicine.(44) Equally, academic medicine requires excellent physicians, who greatly facilitate translation of laboratory research into clinical practice.(45) Unlike non-physicians, academic physicians tend to split their time between clinical and research activities. However, current systems for assessing academic performance and guiding decisions on academic promotions are largely based on scholarly productivity, and often do not take these differences into account.(46) As a result, academic physicians may become increasingly liable to isolation from academic medicine, which may ultimately stymie translational research.(45) The discrepancy in citations found in our study between academic physicians and non-physicians thus highlights the underlying need for greater incentives and support for collaborative relationships between these two groups of academics, which in turn can circumvent any obstacles to translational research.

Over the years biomedical research has witnessed increasingly blurring boundaries between distinct specialties.(47) The lone researcher struggles to answer prominent questions without collaborating with other scientists, often from other disciplines or institutions.(48) Evidence suggests that biomedical studies are moving towards a team-based approach to research.(47, 48). Our study has indeed provided support in favor of an association between collaboration and scientific performance in biomedical research. Whilst junior researchers (lecturers) and senior researchers (professors) may benefit from distinctive collaborative strategies, there are advantages of intellectual cooperation and joint publications over solo research and authorship, across all academic ranks. However, fostering a collaborative culture in academic medicine is challenging because promotion committees and tenure systems often discourage collaboration by focusing on researchers’ independent contributions. Conversely, our study suggests that academic institutions should encourage joint research projects, and also aim to engage in a systematic measurement of scientific collaboration with a view to helping researchers to improve their academic productivity and quality.

At the same time, our results also suggest that researchers should strike a balance between solo authorship and excessive co-authorship so as to optimize the size of collaborative teams and, ultimately, sustain performance over time. Concerns have been raised on the increasingly widespread abuse of inappropriate authorship and the threats that the subsequent lack of transparency and accountability poses to the integrity of scientific research.(15) Honorary authorship granted to those who made no significant contribution to the work has been partly responsible for the large increase in the number of co-authors per publication over the last fifty years.(49) In the face of the recent upsurge in such practices, our study uncovered non-linear effects of number of co-authors per publication on citations, and indicated that publications with very large numbers of co-authors were disadvantageous to the scientific performance of biomedical researchers. Our findings support scientific journals to reinforce authorship policies and ensure that each author has made a genuine contribution to the published work.(12, 15)

As a result of the increasingly large number of multi-authored publications, it has become imperative that a proper assessment of research performance through such publications be based on the identification of the most important co-authors that played fundamental roles in the scientific work.(9, 12, 19, 21) Our study has indicated that junior researchers can enhance scientific performance by producing publications in which they appear as the first-listed authors. Subsequently, when they are promoted to more senior academic roles, they should publish papers in which they are the last-listed authors, traditionally associated with mentoring and supervisory roles. Our findings thus suggest that, if promotion committees use bibliometric indicators for measuring researchers’ scientific performance, they can produce accurate and fair assessments only by explicitly taking into account the number of co-authors and the positions in the bylines of the researchers’ publications.

Conclusions
In summary, our study has four fundamental implications for biomedical research and policy: (i) intellectual collaboration has a competitive advantage over solo authorship across all academic ranks; (ii) whilst researchers gain from expanding their network of collaborators, they should redistribute collaborators across multiple teams and refrain from excessive co-authorship; (iii) there are differential benefits of collaborative and authorship practices depending on the stage of the researcher’s career; (iv) research institutions and funding agencies should encourage and reward a team-based approach to scientific production and engage in a systematic and transparent measurement of collaboration and multiple authorship, in order to develop effective assessment and recruitment policies that will ultimately translate into the highest-quality research and patient care.   
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	Academic rank
	Physician status n (%)
	Gender n (%)
	Total n (%)

	
	Non-physician
	Physician
	Male
	Female
	

	Lecturer
	85 (77)
	25 (23)
	66 (60)
	44 (40)
	110 (21)

	Senior Lecturer
	45 (34)
	89 (66)
	87 (65)
	47 (35)
	134 (25)

	Reader
	42 (64)
	24 (34)
	44 (67)
	22 (33)
	66 (13)

	Professor
	101 (47)
	114 (53)
	173 (80)
	42 (20)
	215 (41)

	Total n (%)
	273 (52)
	252 (48)
	370 (70)
	155 (30)
	525 (100)




Table 1 Composition of the academics in the Faculty of Medicine





	Categorical variables
	Mean (%)
	Standard deviation
	Minimum
	Maximum

	1
	Gender
	0.705 (70)
	0.456
	0.000
	1.000

	2
	Physician status
	0.480 (48)
	0.500
	0.000
	1.000

	3
	Institute of Clinical Sciences
	0.027 (3)
	0.161
	0.000
	1.000

	4
	Kennedy Institute of Rheumatology
	0.046 (5)
	0.209
	0.000
	1.000

	5
	Department of Medicine
	0.409 (41)
	0.492
	0.000
	1.000

	6
	National Heart Lung Institute
	0.197 (20)
	0.398
	0.000
	1.000

	7
	School of Public Health
	0.109 (11)
	0.311
	0.000
	1.000

	8
	Senior Lecturer
	0.257 (26)
	0.437
	0.000
	1.000

	9
	Reader
	0.126 (13)
	0.332
	0.000
	1.000

	10
	Professor
	0.410 (41)
	0.492
	0.000
	1.000

	[bookmark: _GoBack]Integer and continuous variables
	Mean
	Standard deviation
	Minimum
	Maximum

	11
	Number of citations
	414.419
	655.472
	0.000
	7,883.000

	12
	Number of past publications
	29.270
	58.252
	0.000
	1,013.000

	13
	Median number of co-authors per publication
	6.600
	3.313
	2.000
	40.000

	14
	Minimum number of co-authors per publication
	2.900
	1.620
	2.000
	26.000

	15
	Degree
	0.013
	0.021
	0.000
	0.302

	16
	Betweenness
	0.080
	0.150
	0.000
	2.180

	17
	Closeness
	0.010
	0.000
	0.000
	0.010

	18
	Eigenvector
	0.010
	0.030
	0.000
	0.410

	19
	Clustering coefficient
	0.320
	0.250
	0.000
	1.000

	20
	Constraint
	0.160
	0.328
	0.000
	10.583

	21
	Solo-authored publications
	1.078
	2.986
	0.000
	48.000

	Positions in non-alphabetized bylines
	
	
	
	

	22
	First 
	1.833
	2.540
	0.000
	35.000

	23
	Last 
	4.380
	6.900
	0.000
	89.615

	24
	Second 
	1.816
	2.418
	0.000
	23.000

	25
	Penultimate 
	2.317
	4.327
	0.000
	87.000

	26
	Other 
	4.419
	7.089
	0.000
	104.000

	Positions in alphabetized bylines
	
	
	
	

	27
	First 
	0.400
	0.928
	0.000
	7.597

	28
	Last 
	0.611
	1.398
	0.000
	14.000

	29
	Second 
	0.104
	0.429
	0.000
	6.000

	30
	Penultimate 
	0.025
	0.168
	0.000
	2.000

	31
	Other 
	0.014
	0.133
	0.000
	2.000



Table 2 Means prior to centering, standard deviations, and minimum and maximum values for all variables. Unit of analysis for all variables is the individual academic.
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	Model 1
	Model 2
	Model 3
	Model 4

	 
	EC
	SE
	EC
	SE
	EC
	SE
	EC
	SE

	Control variables
	 
	
	
	
	
	
	
	 

	Number of past publications
	1.002**
	0.0006
	1.002***
	0.0006
	1.0001
	0.0005
	1.002***   **
	0.0005

	Gender
	1.077
	0.059
	1.072
	0.059
	1.070
	0.081
	1.076   
	0.063

	Physician status
	0.816***
	0.045
	0.822**
	0.048
	0.801***
	0.045
	0.815***
	0.046

	Senior lecturer
	1.057
	0.083
	1.042
	0.090
	1.023
	0.090
	1.726*
	0.437     

	Reader
	1.116
	0.117
	1.097
	0.105
	1.123
	0.122
	1.954*
	0.526

	Professor
	1.522***
	0.129
	1.509***
	0.123
	1.502***
	0.139
	2.561***
	0.662

	
	 
	
	
	
	
	
	
	 

	Solo versus multiple authorship
	 
	
	
	
	
	
	
	 

	Solo-authored articles
	1.010
	0.015
	1.009
	0.015
	1.013
	0.012
	1.007
	0.015

	Median number of co-authors per publication
	1.034**
	0.012
	1.032*
	0.013
	1.071***
	0.014
	1.030*
	0.012

	(Median number of co-authors per publication)2
	0.997**
	0.0008
	0.997***
	0.0008
	0.997**
	0.0009
	0.997***
	0.0007

	Minimum number of co-authors per publication
	0.968
	0.0008
	0.968*
	0.016
	0.948**
	0.017
	0.964*
	0.016

	
	 
	
	
	
	
	
	
	 

	Network-based measures of centrality
	 
	
	
	
	
	
	
	 

	Degree
	678.052***    **
	1158.870
	
	
	
	
	937.552***
	1420.734

	Eigenvector
	 
	
	8.986*
	9.488
	
	
	
	 

	Betweenness
	 
	
	1.433*
	0.256
	
	
	
	 

	Closeness
	 
	
	
	
	8.57e+88***
	8.71e+89    
	
	 

	
	 
	
	
	
	
	
	
	 

	Network-based measures of social capital
	 
	
	
	
	
	
	
	 

	Clustering coefficient
	 
	
	
	
	0.455***
	0.052
	
	 

	Constraint
	0.377**
	0.137
	0.342**
	0.120
	
	
	0.319***
	0.077

	
	 
	
	
	
	
	
	
	 

	Author’s position in publication
	 
	
	
	
	
	
	
	 

	Position in non-alphabetized bylines:
	 
	
	
	
	
	
	
	 

	First 
	1.045***
	0.011
	1.045***
	0.012
	1.042***
	0.010
	1.047***
	0.010

	Last 
	1.019*
	0.009
	1.019*
	0.008
	1.021***
	0.006
	0.870*
	0.055

	Second 
	1.012
	0.016
	1.012
	0.017
	1.022
	0.014
	1.019
	0.018

	Penultimate 
	0.990
	0.010
	0.989
	0.008
	0.997
	0.007
	0.991
	0.008

	Other 
	1.020**
	0.007
	1.023***
	0.006
	1.021***
	0.005
	1.022**
	0.008

	
	 
	
	
	
	
	
	
	 

	Position in alphabetized bylines:
	 
	
	
	
	
	
	
	 

	First 
	1.094***
	0.025
	1.092**
	0.032
	1.077*
	0.032
	1.088*
	0.042

	Last 
	1.014
	0.023
	1.014
	1.023
	0.022
	0.023
	1.020
	0.023

	Second 
	1.037
	0.054
	1.037
	0.050
	1.055
	0.051
	0.032
	0.055

	Penultimate 
	0.938
	0.108
	0.899
	0.097
	0.932
	0.085
	0.935
	0.094

	Other 
	1.126
	0.165
	1.142
	0.135
	1.070
	0.163
	1.103
	0.162

	
	 
	
	
	
	
	
	
	 

	Interactions: academic rank and position
	 
	
	
	
	
	
	
	 

	Senior lecturer X non-alphabetical last position
	 
	
	
	
	
	
	1.136*
	0.070

	Reader X non-alphabetical last position
	 
	
	
	
	
	
	1.107
	0.078

	Professor X non-alphabetical last position
	 
	
	
	
	
	
	1.206**
	0.077

	Senior lecturer X alphabetical first position
	 
	
	
	
	
	
	1.090
	0.086

	Reader X alphabetical first position
	 
	
	
	
	
	
	0.926
	0.076

	Professor X alphabetical first position
	 
	
	
	
	
	
	1.004
	0.050

	
	 
	
	
	
	
	
	
	 

	Interactions: academic rank, position, and brokerage
	 
	
	
	
	
	
	
	 

	Senior lecturer X non-alphabetical last position X constraint
	 
	
	
	
	
	
	0.890
	0.128

	Reader X non-alphabetical last position X constraint
	 
	
	
	
	
	
	1.048
	0.161

	Professor X non-alphabetical last position X constraint
	 
	
	
	
	
	
	1.277***
	0.079

	
	
	
	
	
	
	
	
	

	EC = estimated coefficient; SE = bootstrap standard error 

	* p < 0.05, ** p < 0.01, *** p < 0.001

	
	
	
	
	
	
	
	
	




Table 3 Results of random-effects negative binomial panel regressions with main and interaction effects. For ease of interpretation, the table displays incidence rate ratios. Models (1), (2) and (3) include only the main effects of the independent variables on authors’ performance: model (1) includes degree and constraint; model (2) eigenvector centrality, betweenness centrality, and constraint; and Model (3) closeness centrality and the clustering coefficient (please refer to the main text and the supplementary appendix for the definition of these network measures). Model 4 includes interaction effects between independent variables. The reference category for academic rank is “lecturer”. 



Figure 1 Association between the centered median number of co-authors per publication and the expected citation count of a professor at the Institute of Clinical Sciences, when all other independent variables are held constant at their means. Results are based on estimated coefficients from Model 4. To avoid problems of multi-collinearity, the covariate (median number of co-authors) was centered around its mean (i.e., we subtracted the mean from the variable). 

Figure 2 Association between combinations of brokerage and last position in non-alphabetized bylines and the expected citation count of a female professor at the Institute of Clinical Sciences, when all other independent variables are held constant at their means. Results are based on estimated coefficients from Model 4. To avoid problems of multi-collinearity, both covariates were centered on their respective means. 
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