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ABSTRACT
Objective  Authorship and number of publications are 
important criteria used for making decisions about 
promotions and research funding awards. Given the 
increase in the number of author positions over the last 
few decades, this study sought to determine if there had 
been a shift in the distribution of authorship among those 
publishing in high-impact academic medical journals over 
the last 12 years.
Design  This study analysed the distribution of authorship 
across 312 222 original articles published in 134 medium-
impact to high-impact academic medical journals between 
1 January 2008 and 31 December 2019. Additionally, this 
study compared the trends in author distributions across 
nine medical specialties and a collection of cross-specialty 
high-impact journal articles.
Primary outcome measures  The distribution of 
authorship was assessed using the Gini coefficient (GC), a 
widely used measure of economic inequality.
Results  The overall GC for all articles sampled across 
the 12-year study period was 0.49, and the GCs for the 
first and last authorship positions were 0.30 and 0.44, 
respectively. Since 2008, there was a significant positive 
correlation between year and GC for the overall authorship 
position (r=0.99, p<0.001) the first author position 
(r=0.75, p=0.007) and the last author position (r=0.85, 
p<0.001) indicating increasingly uneven distribution in 
authorship over time. The cross-specialty high-impact 
journals exhibited the greatest rate of increase in GC over 
the study period for the first and last author position of any 
specialty analysed.
Conclusion  Overall, these data suggest a growing 
inequality in authorship across authors publishing in 
high-impact academic medical journals, especially 
among the highest impact journals. These findings may 
have implications for processes such as promotions and 
allocation of research funding that use authorship metrics 
as key criteria for making decisions.

INTRODUCTION
Authorship and number of publications 
are important criteria used for making 
decisions about promotions and research 
funding awards. However, over the last few 

decades there has been a well-documented 
increase in the size of the author list on peer-
reviewed medical journal articles.1 Referred 
to as ‘authorship inflation’, this increase in 
the number of authors may be due to the 
growing complexity of medical research and 
an increased number of collaborations and 
consortium teams.1 Alternatively, authorship 
inflation may also be due to honorary author-
ship. This could include the desire to include 
more senior, well-established authors in the 
hope that they will help facilitate the accep-
tance and publication of a manuscript.2 Addi-
tionally, and potentially more insidiously, 
senior authors could demand inclusion on 
manuscripts even without significant contri-
bution, a concept known as the White Bull 
effect.3

In 2003, the International Committee of 
Medical Journals (ICMJE) implemented 

Strengths and limitations of this study

►► This bibliometric study analyses 312 222 original re-
search articles published in 134 medium-impact to 
high-impact academic medicine journals from 2008 
to 2019.

►► The distribution of authorship can be easily captured 
and understood by using the Gini coefficient, com-
monly used to measure economic inequality.

►► Additional sensitivity analyses were conducted to 
assess the impact of the number of available author 
positions, consortia publications, number of articles 
published per year and number of articles sampled 
per specialty on the distribution of authorship.

►► Automated sampling of articles and author names 
makes it challenging to correctly link authors across 
articles.

►► Further work is needed to understand the effects of 
disparity in publication, as it may be an indicator of 
differences in productivity or lack of equity in access 
to funding resources.
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stricter guidelines to distinguish authorship from other 
forms of contribution to research, and has further 
adjusted these recommendations in the subsequent 
years.4 Yet even with these recommendations, the number 
of author positions continues to grow at a rate that is inad-
equately explained by the growing complexity of biomed-
ical research.1 4 5

Prior work has not determined if this increase in the 
number of author positions has shifted the distribution 
of authorship across individuals. In other words, has 
the increase in author positions increased the number 
of publications across all authors, or has it increased 
the number of publications associated with a few 
individuals?

Given the importance of authorship for academic 
promotion and obtaining research funding, a better 
understanding of trends in author distributions would 
help to contextualise and inform decisions that rely on 
authorship as a metric. More generally, the extent to 
which authorship is concentrated among a small number 
of individuals may inform us about the distribution of 
authority in a given specialty—that is, to what extent can 
a modestly sized group of individuals impact an area of 
medicine?

The distribution of authorship can be easily captured 
and understood by using the Gini coefficient (GC).6 
Commonly used to measure economic inequality, the 
GC measures the distribution of a certain resource across 
a given population.7 The coefficient ranges from 0 to 1 
with 0 indicating complete equality across individuals 
sampled, and 1 indicating complete inequality, or 1 indi-
vidual holding all of the resources within the sampled 
cohort. Therefore, a smaller GC indicates a more equal 
distribution of resources across individuals, and a larger 
GC indicates a less equal distribution of resources among 
individuals.

While, to the best of our knowledge, the GC has not been 
previously applied to authorship, GCs have been used to 
assess distribution of resources outside of economics. 
Within healthcare, this includes assessments of dispari-
ties in geographical distributions of healthcare resources 
as well as the distribution of health-related quality of life 
across time and different cohorts within the USA.8 9 In this 
manuscript, we extend the use of the GC to summarise 
the distribution of authorship within academic medicine, 
assessing if a few authors are publishing more frequently 
(a high GC) or if authorship positions are spread more 
equally across individuals (a low GC). These analyses also 
sought to better understand changes in the distribution 
of authorship among high-impact academic medical 
journals over the last 12 years. Therefore, we aimed to 
(1) assess the overall distribution of authorship within 
high-impact academic medical journals, especially for the 
meaningful first and last author positions, (2) evaluate 
trends in author distributions over the last 12 years, and 
(3) examine and compare the trends in author distribu-
tions across medical specialties.

METHODS
Article selection
This study used author information from 312 222 orig-
inal articles published between 1 January 2008 and 31 
December 2019. The methods for selecting journals and 
compiling these articles have been previously published.10 
To briefly summarise, we identified the top 15 journals 
by impact factor for 9 medical specialties (paediatrics, 
radiology, anaesthesiology, obstetrics and gynaecology, 
neurology, general medicine, dermatology, psychiatry 
and oncology) along with 4 additional high-impact cross-
specialty journals (New England Journal of Medicine, Journal 
of the American Medical Association, British Medical Journal, 
and The Lancet; online supplemental table S1).11 Meta-
data for articles published during the above time period 
were scraped from PubMed, and then the article list was 
limited to original research articles. Other article types, 
including comments, editorials, review articles, guidelines 
and retracted articles, were excluded. Article and author 
information for original research articles were compiled 
by scraping the extensible markup language (XML) code 
for each article using the RISmed package (V.2.1.7) and 
the EasyPubMed package (V.2.5) in R (V.3.5.1).12

Five journals (Ultrasound in Obstetrics & Gynecology; Semi-
nars in Perinatology; Clinics in Perinatology; Journal of the 
American Academy of Child and Adolescent Psychiatry; Journal 
of Neurology, Neurosurgery, and Psychiatry) were included 
among the top 15 journals by impact factor for more than 
one specialty. The author lists from articles published in 
these journals were duplicated only for the analyses of 
author distribution separated by specialty.

Data cleaning
Author names were cleaned in order to standardise 
presentation across articles. The cleaning procedures 
are outlined in the online supplemental file 1. Briefly, 
the data were cleaned to remove special characters, and 
authors with blank first or last names were excluded. Each 
author’s name was defined as the concatenated string of 
their first and last name separated by a space.

Primary analyses
To assess the distribution of authorship across individuals, 
the GC was calculated using the DescTools package in R 
(V.0.99.30). Please refer to the online supplemental file 1 
for an example of the dataset and the calculation of the 
GC. GCs were calculated for the entire author list as well 
as for authors listed in first author position or in the last 
author position to assess equality across these important 
positions.

Next, the change in GC over time for each authorship 
position (overall authorship, first authorship and last 
authorship) was assessed using Spearman rank-order 
correlation. Finally, to compare the equality of author-
ship between specialties, the GC for each of the nine 
medical specialties and the high-impact cross-specialty 
journal was calculated, and the change in GC over time 
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for each specialty was assessed using Spearman rank-
order correlations.

Sensitivity analyses
ORCID IDs
Since the methodology for matching authors by name 
is potentially limited by authors with the same name—a 
challenge in name disambiguation studies known as 
name homography—we attempted to quantify the rate 
of authors with the same name by comparing names 
across ORCID IDs. To do so, we downloaded 2019 
ORCID Public Data File which is freely available data 
containing public information for all records in the 
ORCID database at the time the snapshot was taken 
(October 2019).13 We extracted the given (first) and 
last (family) name for each record in this database and 
cleaned the database using the same methods used to 
clean the authorship database used in the main anal-
ysis. Then, we calculated the number of authors with 
matching names, assuming that each ORCID ID referred 
to a unique author.

Next, in an attempt to account for the extent to which 
initials identified distinct authors, we also cleaned the 
ORCID database to remove initials, and recalculated the 
number of ORCID records with matching names. The 
method used to identify and remove initials is outlined in 
the online supplemental file 1.

Controlling for author list length, consortia and number of articles 
published per year
We conducted additional sensitivity analysis to exclude 
the possibility that changes in GC were driven by three 
trends in medicine publishing that directly impact the 
author list: publishing articles with longer author lists, 
publishing via consortia and the increase in number 
of articles published. Therefore, we conducted a sensi-
tivity analysis to determine if the extreme right tail of 
author list lengths influenced the measurement of GC 
by repeating the primary analyses solely among articles 
with 20 or fewer authors. This threshold was chosen a 
priori to exclude articles with the largest author lists, 
while also keeping at least 95% of articles for analysis. 
The second sensitivity analysis assessed the change in 
GC over time in articles without a consortium listed 
as the last author. Finally, the third sensitivity analysis 
repeated the primary analysis while randomly sampling 
20 000 articles from each year without replacement and 
calculated the GC for each author position in each year. 
This sampling was repeated 10 times. The limit of 20 
000 was determined a priori by assessing the smallest 
number of articles published in any 1 year (n=24 144) 
and selecting a limit below that minimum. The change 
in GC over time for each model was assessed using 
Spearman rank-order correlations.

Controlling for variance across specialties
Given the substantial increase in GC within the high-
impact cross-specialty journals over the study period, a 

fourth and fifth sensitivity analyses were completed. The 
first assessed the change in GC for the entire collection 
of articles excluding articles published in the four cross-
specialty journals. This analysis aims to determine if the 
finding that the overall increase in GC over time looking 
across specialties was driven by the articles published in 
the cross-specialty journals, or if articles published in non-
cross specialty journals also demonstrated an increase in 
inequality.

Additionally, the cross-specialty journal category 
included a smaller number of journals and therefore arti-
cles than the other specialties. To control for the poten-
tial impact of different number of articles (and therefore 
author positions), we repeated the analyses comparing 
GC between specialties after sampling for 1000 arti-
cles per specialty per year. This limit was determined by 
assessing the smallest number of articles published in one 
specialty in any 1 year (n=1362 articles) and selecting a 
limit below that minimum.

Gender and authorship distribution
Demographic factors including gender are likely to 
impact the distribution of authorship. To assess the 
impact of gender on the authorship distribution, we 
used a well-validated software (​Genderize.​io (https://​
genderize.​io)) to predict the gender of each author using 
their first name using 60% as the confidence threshold 
for assigning a gender to an author. Additional informa-
tion on this method has been published previously.10 14 
Then we assessed the distribution of authorship within 
each gender both in the overall cohort and over the study 
period.

All analyses were conducted in R (3.5.1).12

Patient and public involvement
There was no patient or public involvement in this study.

RESULTS
Our data contained 2 254 432 author positions and 936 
574 unique authors. Only 0.017% of identified authors 
(156/936 574) had published more than 100 articles 
during the 12-year study period. The maximum number 
of articles attributed to one author during the entire 
study period was 337 articles (online supplemental figure 
S1). These data demonstrate an increase in the number 
of articles published each year, and an increase in the 
number of author positions available each year (online 
supplemental figure S2).

Primary analyses
Whole cohort
To reorient readers, the GC ranges from 0 to 1 with 0 indi-
cating complete equality across individuals sampled and 1 
indicating complete inequality or 1 individual holding all 
of the resources within the sampled cohort. A smaller GC 
indicates a more equal distribution of resources across 

https://dx.doi.org/10.1136/bmjopen-2020-046002
https://genderize.io
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individuals, and a larger GC indicates a less equal distri-
bution of resources among individuals.

The overall GC for all articles sampled across the 
12-year study period was 0.49, and the GCs for the first 
and last authorship positions were 0.30 and 0.44, respec-
tively. This indicates that there was more inequality of 
authorship among overall authorship and last authors 
than among first authors.

Looking across time, figure 1 shows the change in GC 
from 2008 to 2019 for each authorship position. There 
was a significant positive correlation between year and GC 
for the overall authorship position (r=0.99, p<0.001), the 
first author position (r=0.75, p=0.007) and the last author 

position (r=0.85, p<0.001). This positive increase in GC 
over time indicates that the distribution of authorship was 
becoming more unequal over the study period for each of 
the author positions analysed.

Specialty analysis
Online supplemental table S2 and figure  2 present 
the GC by authorship position by specialty for the 
entire collection of articles during the study period. 
The lowest GC for overall authorship (ie, the most 
widely distributed among individuals) was observed 
in internal medicine (0.30), cross-specialty journals 
(0.34) and anaesthesiology (0.36); the highest GC (ie, 

Figure 1  Change in Gini coefficient by authorship position (A. overall authorship, B. first authorship, and C. last authorship) 
over time.

Figure 2  Gini coefficient by authorship position separated by specialty.

https://dx.doi.org/10.1136/bmjopen-2020-046002
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highest inequality of authorship) was observed among 
radiology (0.47), neurology (0.46), and obstetrics and 
gynaecology (0.44). Among first authors, oncology 
(0.20), internal medicine (0.20) and paediatrics (0.23) 
had the lowest GCs. Cross-specialty journals (0.38), 
radiology (0.28), and obstetrics and gynaecology (0.27) 
had the highest GCs. Among last authors, the specialties 
with the lowest GC for overall authorship were internal 
medicine (0.28), paediatrics (0.34) and anaesthesi-
ology (0.36). The specialties with the highest GCs were 
radiology (0.46) and neurology (0.42).

Figure 3 presents the change in GC by specialty over time 
and table 1 presents the Spearman rank-order correlations 
for each specialty over time. Of note, the cross-specialty 
high-impact journals have the greatest rate of increase in 
GC for the first and last author position, indicating increas-
ingly uneven distribution in authorship over time.

Sensitivity analyses
The 2019 ORCID Public Data File contained 7 314 172 
entries. After cleaning to remove special characters, 7 015 
154 entries met criteria for inclusion. Of those records, 1 763 

Figure 3  Change in Gini coefficient by authorship position over time separated by specialty.

Table 1  Spearman rank-order correlations by author position by specialty

Specialty

Overall authorship First authorship Last authorship

R P value R P value R P value

Anaesthesiology 0.34 0.28 0.22 0.48 0.41 0.18

Cross-specialty 0.84 0.001 0.95 <0.001 0.96 <0.001

Dermatology 0.92 <0.001 0.80 0.003 0.87 <0.001

Internal medicine 0.78 0.004 0.80 0.003 0.87 <0.001

Neurology 0.96 <0.001 0.67 0.02 0.94 <0.001

Obstetrics and gynaecology −0.57 0.06 −0.57 0.06 −0.17 0.59

Oncology 0.62 0.03 0.65 0.03 0.43 0.16

Paediatrics 0.73 0.01 0.63 0.03 0.80 0.003

Psychiatry 0.73 0.01 0.66 0.02 0.49 0.11

Radiology −0.09 0.78 −0.34 0.28 −0.24 0.46
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106 (25.13%) contained a name that was identical to at least 
one other author. After processing to remove initials, 1 759 
008 records out of 6 904 982 (25.47%) records contained a 
name that was an identical match to at least one other record.

The sensitivity analyses assessing the impact of author list 
length, consortia and number of articles published per year 
did not differ meaningfully from the primary analysis. They 
are outlined in detail within the online supplemental figures 
S3–S5 and supplemental tables S3 and S4.

The sensitivity analysis demonstrated that the increase 
in GC within the high-impact cross-specialty journals was 
not driven by the smaller number of articles published in 
the cross-specialty journals (online supplemental figures 
S6–S8). Additionally, after excluding articles published in 
cross-specialty journals, the first and last author positions still 
demonstrated a significant positive correlation between year 
and GC for overall authorship (r=0.92, p<0.001) and the last 
author position (r=0.69, p=0.02). However, the first author 
position did not demonstrate a positive correlation between 
year and GC (r=0.48, p=0.12).

Gender analyses
Looking across the entire cohort the distribution of author-
ship among authors identified as men was more unequal 
(higher GCs) than among authors identified as women 
(online supplemental table S5). However, looking across 
time, there was a greater increase in the GC among first and 
last authors identified as women than first and last authors 
identified as men (figure 4; online supplemental table S6).

DISCUSSION
In this bibliometric study assessing the distribution of 
authorship across individuals publishing 312 222 orig-
inal research articles in 134 medium-impact to high-
impact academic medical journals, we find moderate and 
inequality in authorship distribution. The first author 
position exhibited a more even distribution of authorship, 

indicated by a lower GC of 0.30 compared with 0.49 for all 
authors and 0.44 for senior authors. Looking over time, 
we see an increase in the GC for the entire author block as 
well as for the first and last author positions indicating an 
increase in the inequality of authorship distribution for 
all three authorship metrics. Sensitivity analyses demon-
strated that the shift in the distribution of authorship is 
not being driven by especially large author lists, consor-
tium collaborations or the number of articles published 
each year.

The skew in author distribution is particularly apparent 
when examining the distribution in authorship within 
high-impact cross-specialty journals over time. These 
journals showed the greatest increase in GC, as compared 
with the other specialty groups for the first and last 
author position. However, it is important to note that 
we also observed an increase in author inequality for 
overall authorship and last authorship among articles 
not published in the high-impact cross-specialty journals. 
This indicates that authorship inequality is increasing 
across academic medicine not just in the high-impact 
cross-specialty journals.

Although these effects are robust, their meaning will 
require further analysis. In economics, disparity in wealth 
has been associated with a range of negative outcomes.15 
Disparity in publication, however, may not be intrin-
sically bad—some researchers will inevitably be more 
productive than others, so it is not reasonable to expect a 
uniform distribution of publications. Indeed, prior work 
demonstrated that hyperproductive authors vary in the 
types of articles produced with some producing primarily 
letters and review articles and others producing primarily 
reports of clinical trial data.16

On the other hand, where authorship distribution 
is particularly uneven, it may reflect an underlying 
lack of equity in access to resources—that is, a small 
number of investigators control data and funding, to 

Figure 4  Change in Gini coefficient by authorship position (A. overall authorship, B. first authorship, and C. last authorship) 
over time separated by gender.

https://dx.doi.org/10.1136/bmjopen-2020-046002
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the exclusion of others. This concern for authorship 
concentration among a small number of authors is not 
new, with differential credit accruing to more famous 
authors referred to as ‘the Matthew effect’ in a 1968 
Science paper.17 This concern parallels those relating 
to federal grant funding, which precipitated efforts to 
reduce the concentration of competitive grant support 
among senior researchers.18 Such concentration may 
also play a role in perpetuating other forms of inequity 
in academic medicine.10 14 19Another potential conse-
quence is academic monoculture—that is, inhibition 
of new or less widely accepted hypotheses that are not 
supported by a small number of powerful investigators.20 
By slowing the emergence of initially unpopular ideas, 
like the association of Helicobacter pylori infection with 
gastric ulcers,21 the concentration of authorship may 
inadvertently delay the development of new treatments.

Additionally, while there has been an increase in the 
representation of women within academic medicine, 
our results indicate that publications are becoming 
more unequally distributed across women, especially 
for the first and last author position.10 Therefore, even 
though there has been an increase in the number of 
publications with a woman as the last author, this finding 
may be somewhat driven by the increased productivity 
of a small group of individuals (indicated by substan-
tial increased GC in the last author position over time). 
Therefore, we must be careful to not mistake the success 
of a few as individuals as an indicator of equity of access 
and resources for the larger cohort. Furthermore, 
additional research is needed to examine how other 
demographic factors including age, race, ethnicity and 
nationality influence the distribution of authorship.

The present study cannot address these questions but 
may help to motivate their investigation. By demon-
strating that the distribution of authorship is becoming 
increasingly unequal, especially among high-impact 
journals, our work provides further evidence for the 
need to conceptualise academic success as a multifac-
eted concept that does not solely rely on publication 
statistics. Over the last 10 years, there has been increased 
awareness of the pitfalls of using publication-based indi-
cators (including number of publications, h/g-index 
or impact factor of the journals in which an author 
publishes) as metrics of academic success. While these 
indicators represent succinct, easily calculated measure-
ments, their quantitative nature can fail to capture 
important, more qualitative, aspects of an individual’s 
performance or prowess.22 23 Additionally, these metrics 
may be skewed by the well-documented trend of author-
ship inflation. For example, a recent report indicated 
that manuscripts with hyperauthorship (more than 100 
authors or representation of authors from more than 
30 countries) have aberrant citation patterns leading to 
elevated citation rates.24

In addition to efforts by the ICMJE and individual 
journals to ensure all authors meet the threshold for 
inclusion, multiple publications and initiatives have 

focused on improving research assessment and eval-
uation, including the San Francisco Declaration on 
Research Assessment (2012) and the Leiden Manifesto 
(2015) which was recently adopted by Elsevier.22 25 26 
These works emphasise the importance of contextual-
ising these quantitative metrics alongside other indica-
tors of success.22 23 25

We note a few limitations in interpreting these results. 
The automated sampling of articles and author names 
allows for the analysis of an extensive number of articles 
and journals. While this is a substantial advantage of this 
method, this automated sampling may lead to the combi-
nation of authors with the same first and last name, a 
problem known as name homography.27 Without manu-
ally checking all authors included, it would be impossible 
to identify these combinations. However, in our sensitivity 
analysis of names compiled from ORCID IDs, we noted 
that 25.13% of the names matched the name for another 
ORCID ID. This rate of name homography aligns with 
prior work on author disambiguation which showed that 
between 4% and 30% of authors had a name matching 
another author, depending on the database.27 ORCID 
IDs may show a higher rate of name homography because 
people with a name similar to other authors may be more 
likely to create an ORCID ID to distinguish their own 
work.

Another potential limitation is that automatic sampling 
makes it challenging to check that an author’s name is 
consistently formatted across articles. Indeed, our prior 
work has noted inaccurate indexing of author names 
in PubMed, (ie, only including author initials instead 
of author full name).10 Therefore, we may be failing to 
combine all articles for a given author. This is a problem 
known as name variability. Prior work on author name 
disambiguation in non-medical databases identified rates 
of name variability between 1% and 23% depending on 
the level of detail included in the database (initials vs full 
names).27 Our analysis removing initials from ORCID 
IDs demonstrated that removal of initials only accounted 
for a small increase in name homography potentially 
indicating an increased importance of name homog-
raphy over name variability in this space. The inclusion 
of ORCID identifiers should help to ameliorate this 
problem, once they are universally adopted.

Another potential limitation is our choice to analyse 
first and last author as the key positions within the author 
list. Recent work has indicated that listing authors in 
descending order by contribution is almost unanimously 
accepted. However, survey respondents were split on the 
importance of the second author versus the last author.28 
While further guidelines on this distinction are still 
needed, our choice to analyse the last author position is 
based off of the distinction that last authorship is more 
widely regarded as the prominent position within medical 
research.

While not necessarily a limitation, it is important to 
note that the GCs calculated for each specialty are precise 
measurements quantifying the Lorenz curve. Therefore, 
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CIs cannot be calculated from the GC and all compari-
sons of GC between specialties are qualitative in nature. 
However, this could be viewed as a strength of the meth-
odology as programmatic scraping makes it feasible to 
analyse a large number of articles and journals. Addition-
ally, we chose not to correct for multiple comparisons in 
our correlations between GC and year nor in our sensi-
tivity analyses due to the large sample of the data and 
the novelty of this approach to examining authorship 
distributions.

Another limitation of this study is that we are unable 
to examine factors that may influence the decision to 
submit manuscripts to a high-impact journal or factors 
that impact the acceptance of a manuscript for publica-
tion within a journal. Prior work has demonstrated that 
double-blind peer review increases both the representa-
tion of women and marginalised groups as authors, and 
may decrease any unfair advantage given to well-known 
authors or individuals working at prestigious institu-
tions.29–31 Future work should continue to examine 
factors that may influence submission and acceptance 
rates by under-represented cohorts.

Finally, these data do not assess the relationship 
between authorship distributions and funding. While 
funding information is available on PubMed and other 
sources, it is not easily scrapped or processed. Therefore, 
it is outside of the scope of the current project. Future 
work is needed to examine the relationship between 
funding and authorship inequalities, especially in high-
impact journals.

Overall, these data suggest a growing inequality in 
authorship across authors publishing in high-impact 
academic medical journals, especially among the 
highest impact journals. These findings may have impli-
cations for processes such as promotions and allocation 
of research funding that use authorship metrics as key 
criteria for making decisions. More broadly, they point 
to the importance of understanding how such shifts 
in distribution may impact the medical literature, and 
whether interventions to moderate these shifts may be 
needed.
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